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Abstract 


Owing to the highly coupled flight dynamic behaviour of rotorcraft configurations, long term interdisciplinary scientific 
knowledge combined with practical flight test experience is required to use system identification and mathematical modelling 
tools m the most efficient way. 

This Lecture Series is intended to establish an improved dialogue between government organisations, research institutions and 
industry in order to apply these tools more routinely in rotorcraft system design, development and evaluation 

The Lecture Series is supported by an unique flight test data set which was specially generated and analysed within a recent 
Working Group in the Flight Mechanics Panel of AGARD on Rotorcraft System Identification (WG 18). 

This Lecture Senes, sponsored by the Flight Mechanics Panel of AGARD, has been implemented by the Consultant and 
Exchange Programme. 


Abrege 


Considerant les interactions complexes du comportement dynamique en vol des voilures tournantes, l'emploi optimal tic 
outils de modehsation malhematique et d'identification dc systemes demande des connaissances scientifiques 
interdisciplinaires approfondies, avec une experience pratique des essais en vol 

L'objet de ce cycle dc conferences es: d'instaurcr un dialogue plus etroit entre les orgamsmes gouvernamentaux, les 
etabhssemcnts de recherche et 1’industrie pour promouvoir l'emploi systematique de ces modehsations pour I'etude, le 
developpcment et revaluation des systemes dc voilures tournantes 

Le support de ce cycie de conferences comprend un ensemble de donnees unique relatif aux essais en vol, qui a etc xpecialement 
elaborc et analyse par le groupe de travail No.!8 du Panel FMP dc l'AGARD sur ('Identification des systemes de voiluies 
tournantes 

Ce cycle de conferences est presente dans le cadre du programme des Consultants et des Echanges, sous l egide du Panel 
AGARD de la Mecamque du Vol 
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INTRODUCTION-AND OVERVIEW 

by 

Peter G.Hamel 
Institut ftir Flugmechaiiik 

Deutsche Forschungsanstait fur I.uft- und Raumfahrt e V. (DLR) 
Flughafen 

DW-3J00 Braunschweig, Germany 


"It is evident that some of these (stability and control) derivatives are stiongly affected by the main rotor's wake 
in ways that are difficult to predict This difficulty is what makes the parameter identification process so valuable 
as the helicopter's development matures beyound its first flight 

Raymond W.Prouty (R&W International, July 1990) 


1. Background 

The rotorcraft dynamic response behaviour (output) 
due o pilot control or gust disturbance effects (input) 
is described by the interaction of inertial and aero¬ 
dynamic forces as well as elastomechanic and control 
forces. It is evident that the rotorcraft performance, 
stability, controllability and sensitivity is principally 
influenced by all four kinds of forces acting on the 
airframe and rotor system. The relative interactions 
and interferences between these forces and its effects 
on the rotorcraft dynamic response is varying 
between different rotorcraft flight states and config¬ 
urations. 

Whereas static and dynamic structural parameters can 
be adequately modeled without airloads by analytical, 
numerical, and ground-test tools, the prediction of 
aeromcchanical forces and loads of the rotor system 
and its wake interactions with the empennage and tail 
rotor require windtunnel and flight test validation 
experiments [1]. 

Due to aerodynamic scale effects, windtunnel model 
deficiencies and constrained "frcc-flight" capabilities 
certain limitations in the quality and applicability of 
rotorcraft windtunnel model data have always to be 
envisaged 

Therefore, flight tests are important and necessary to 
isolate limits and assess uncertainties from the pre¬ 
diction techniques of rotorcraft aeromechanics. Per¬ 
haps more than any other technique system identifi¬ 
cation provides the best basis for rotorcraft 
flight/ground test data correlation by extracting as 
much information as possible from free flight tests. 


2. Methodology of System identification 

Precisely defined, system identification is the deter¬ 
mination of a system, on the basis of input and out¬ 
put measurements, within a specified class of systems 


to which the system under test is equivalent. More 
directly, rotorcraft system identification is related to 
flight test validation of a predicted mathematical 
model describing specific qualitative (model struc¬ 
ture) and quantitative (model parameters) flight 
mechanical characteristics. 

The system identification framework can be divided 
into three major parts [2]: 

• Instrumentation and Filters which cover the entire 
flight data acquisition process including adequate 
instrumentation and airborne or ground-based 
digital tecording equipment. Effects of all kind:, 
of data quality have to be accounted for. 

• Flight Test Techniques which arc related to 
selected rotorcraft maneuvering procedures in 
order to optimize control inputs. The input signals 
have to be optimized in their spectral composition 
in order to excite all rotorcraft response modes 
from which parameters are to be estimated 

• Analysis of Flight Test Data which includes the 
mathematical model of the rotorcraft and an esti¬ 
mation criterion which dcvircs some iterative 
computational algorithm to adjust some kind of 
startin' -due or a priori estimate of the unknown 
paran cters until a set of best parameter estimates 
is ot •fined which minimizes the response error 

Corresponding to these strongly interdependent top¬ 
ics four important aspects of the art and science of 
system identification have to be carefully treated 
(Figure 1): 

• Importance of the control input shape in order to 
excite all modes of the vehicle dynamic motions. 

• Type of rotorcraft under investigation in order to 
define the structure of possible mathematical 
models. 

• Selection of instrumentation and filters for high 
accuracy measurements. 

• Quality of data analysis by selecting most suitable 
time or frequency domain identification methods. 


t 






These "Quad-M"-requircments must be carefully 
investigated from a physical standpoint in order to 
define and execute a successful experiment for system 
identificat'rm [3]. 


3. Benefits of System Identification 

The objective to validate mathematical models from 
the knowledge of control inputs and system responses 
via flight test data collection and analysis will 
improve the confidence and reduce the uncertainty 
of important aerodynamic stability and control 
parameters describing rotorcraft flight mechanics. 

Seen from the aspect of cost effectiveness important 
benefits of rotorcraft system identification are related 
to the potential to reduce the amount of costly and 
time-consuming rotorcraft flight testing with respect 
to specification and certification requirements. 
Improved assessment and evaluation of flying quali¬ 
ties becomes possible (Figure 2). 

An additional important factor is emerging from the 
area of implementation of active-control-tcchnology 
(ACT) concepts offering the promise of significantly 
increased rotorcraft performance and operational 
capabilities. It is well-known, that this approach 
extends the traditional trade-offs between aerodyna¬ 
mics, structures and propuls.on to include the capa¬ 
bilities of a fulltime, full-authority digital fly-by¬ 
wire/light flight control sys.em. It is imperative that 
the actual aerodynamic stability and control parame¬ 
ters have to turn out as predicted, since the inherent 
stability margins may be lower and the flight control 
system must compensate these deficiencies to provide 
required handling qualities. In cases of high band¬ 
width model-following flight contiol system designs 
accurate mathematical models improve feedforward 
control and, consequently, lower feedback gains for 
model deficiency compensation (Figure 3) 

Still more important, system identification techniques 
become in the future mandatory for model validation 
purposes of ground-based rotorcraft simulators. Such 
simulators require extremely accurate mathematical 
models in order to be accepted by pilots and govern¬ 
ment organizations for realistic complementary 
rotorcraft mission training (Figure 4). 


4. Requirement for Multidisciplinary Col¬ 
laboration 

Due to the highly complex aeromechanical and cou¬ 
pled flight dynamic behaviour of helicopter and other 
rotorcraft configurations, long term interdisciplinary 
scientific knowledge combined with practical research 
expertise is required in order to use identification and 
mathematical modeling tools in a most efficient way. 


It is also important to establish an improved dialogue 
between research institutions and industry. 

One efficient way of developing this knowledge and 
providing the research expertise is by using the com¬ 
bined strengths and complementary facilities of the 
relevant NATO nations in a collaborative pro¬ 
gramme. ’Ihis is an area ideally suited to the mission 
of ADARD [4], 


5. AGARD FMP Working Group 18 

The Flight Mechanics Panel of the Advisory Group 
for Aerospace Research and Development 
(AGARD) which for the last twenty years has spon¬ 
sored activities in the field of flight vehicle parameter 
and system identification [2, 5,6] decided in 1987 
that the optimum way in which AGARD could 
contribute to this area was to set up a Working 
Group (FMP WG 18) comprising a wide range of 
research specialists and industry representatives, 
tasked with exploring and reporting on the topic of 
Rotorcraft System Identification. 

The two principal objectives of the Working Group 
were 

1. to evaluate the strength and weakness of the dif¬ 
ferent appioachcs and to develop guidelines for 
the application of identification techniques to be 
used more routinely in design and development. 

2, to define an integrated and coordinator! method¬ 
ology for application of system identification 
based on the strengths of each method. 

These objectives have been pursued in a time frame 
of about three years (1988-1990), through the exer-. 
cising of the full range of available individual system 
identification methods on three common data sets 
(AIf-64 of MDIIC, BO-105 ofDLR, and SA-330 of 
RAE) and a critical review of accomplishments 

The objective of this Working Group was to provide 
an overview and expertise to industry for 

• better understanding the underlying scientific, 
technical and operational methodologies involved 
in rotorcraft system identification and 

• increased utilization of this modern flight test tool 

in cooperation with research centers of excellence in 
this field. 

To be as effective as possible in achieving the declared 
objectives and making sensible recommendations, the 
Group has requested industry to provide information 
with respect to any experience of using system iden¬ 
tification tools in the rotorcraft system design and 
validation process [7]. 

For the Working Group, a common flight test data 
base was provided for three significantly different 
helicopter types: 



• The attack helicopter MDUC AH-64 (Apache): 
MDHC provided data from flight tests at 130 
knots. These data were selected from different 
flight tests. They included manoeuvres with dou¬ 
blet, frequency sweep, and pulse-type inputs for 
all controls. 

• The small transport helicopter MBS BO-105: 
DLR provided data from flight tests at 80 knots, 
specifically generated for identification purposes. 
They included three types of innut signals, 3211 
multistep '), frequency sweeps, and doublets for 
all controls. 

• The medium size transport helicopter Aerospa¬ 
tiale SA-330 (PUMA): 

RAF, provided two sets of flight test data: (a) for 
the 80 knots flight condition, manoeuvres with 
3211 inultistcp inputs for all controls, and (b) for 
the 60, 80, and 100 knots flight conditions, 3211 
inultistcp, and frequency sweeps for the longi¬ 
tudinal cyclic control. 

The flight test data quality was extensively investi¬ 
gated to detect and correct data errors and to make 
sure that reliable data were used for the identification. 
Results obtained from data channel consistency 
checks were generated by various WG Members. 
Comparisons of the results and conclusions were in 
good agreement. 

As the evaluation of all data files would have caused 
too high a workload for the WG, each data provider 
(DLR, MDHC, RAE) suggested minimum data 
subsets to be used as data for the identification and 
verification. In general, it was tried to use flight test 
data with multistep 3211 input signals or frequency 
sweeps for the identification. Then other test data, 
c g. with doublet inputs, were chosen for the verifi¬ 
cation to evaluate the reliability of the identified 
mathematical models. Results provided by the WG 
Members were compared in various formats: time 
histories; frequency responses; tables of derivatives; 
and eigenvalues. 


6. Objective of the Lecture St ies 

The outcome of the Working Group and the final 
AGARD Advisory Report (AR 280) Sirin the basis 
of this Lecture Scries which has the obk ctives of 

• bringing together a number of c •perts from 
research organisations and industry w. to identified 
a strong requirement for application of system 
identification tools, 

• providing WG-18 members as the kernel of lec¬ 
turers who should share and cross-fcrtilise the!- 
experience, and 


• utilizing benchmark flight test data from recent 
helicopter flight test programmes to demonstrate 
the art and science of rotorcraft system identifica¬ 
tion. 


7. Structure of the Lecture Series 

Coming back to the "Quad-M"-requirements of 
rotorcraft system identification (Figure 1) the papers 
to be presented by the lecturers are organized in an 
equivalent way. The upper part of Figure 5 indicates 
the relationship of papers 2 to 7 among the four 
major areas of rotorcraft stability and control esti¬ 
mation: motions (maneuvers and input design), mea¬ 
surements (instrumentation and data aquisition), 
methods (time and frequency domain identification) 
and models (model structure and robustness). 

In the lower part of Figure 5 unique identification 
results of the three significantly different helicopter 
types evaluated by the Working Group 18 arc pre¬ 
sented in papers 8 to 10 

In the final papers 11 to 14 various application areas 
arc discussed, like rotorcraft development risk 
reduction, data gathering for helicopter simulators, 
acceptance testing of helicopter flying qualities and 
model provision for flight control optimisation 
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"Quad-M" Requirements for System Identification 
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Figure 2. System Identification for Rotorcraft Flying Qualities Evaluation 



Figure 3. System Identification for Rotorcraft Flight Control Optimization 
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Figure 4. System Identification for Rotorcraft Simulation Validation 
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by 
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Summary 

The planning and conduct of flight experiments 
is a critically important part of the system 
identification process. Factors such as the 
choice of test input signal and the duration of 
the experiment can have a major influence on 
the quality of the identification results. Other 
factors such as the quality of flightcrcw and 
groundcrcw briefings and the availability of on¬ 
line monitoring facilities also greatly in lucnce 
the effectiveness of any flight testing pro¬ 
gramme. Inevitably there is a trade-off between 
performance and flight safety which must be 
taken fully into account at all stages of identi¬ 
fication flight trials and influences the experi¬ 
ment design process and test matrix in a very 
significant way. Other important practical 
constraints arise in experiment design, especi¬ 
ally when test input signals have to be applied 
manually by the pilot. The paper includes an 
outline of the forms of test input most commonly 
used for identification and provides an account 
of methods of experimental design in which the 
value of a frequency-domain approach is 
emphasised. 

1 Introduction 

The success of helicopter system identification 
methods depends, to a considerable extent, on 
the quality of the associated flight experiments. 
Any inadequacies and inconsistencies which 
appear in the identification results can usually 
be eliminated only through additional flight 
testing. It is important, therefore, to maximise 
the information content of experimental res¬ 
ponse data by good planning and experiment 
design. 


This paper is concerned with the planning and 
conduct of flight experiments designed specifi¬ 
cally for the purposes of system identification. 
Flight experiments designed primarily for other 
purposes seldom provide a reliable basis for 
system identification work. 

Special emphasis is given to the trade-offs 
which are involved in flight experiments for 
system identification, especially those associ¬ 
ated with performance and flight safety. More 
detailed questions of test input design are also 
considered, although the extent to which 
detailed design is appropriate depends on how 
much is known in advance about the dynamics of 
the vehicle under test. However, preliminary 
characterisation of the rotorcraft dynamics 
through the use of a broad-band test signal can 
often provide a basis for more detailed design 
work to maximise the information content of the 
measured response data. This necessitates 
careful consideration of factors such as system 
bandwidth and frequency content of the test 
signal, sampling rates, signal amplitudes and 
signal-to-noise ratios. 

2 The Planning and Conduct of 
Flight Experiments 

During the planning and conduct phases of 
system identification flight trials it is crucial 
to take account of the trade-offs between per¬ 
formance and flight safety. In this context, 
performance relates to both the effectiveness 
and the efficiency of the experiments; there are 
further trade- offs involved here, related to the 
need to monitor the data quality, while maxi¬ 
mising the productivity, during the available 
flight time. This section addresses these trade¬ 
offs under a number of key headings. 
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2.1 Defining the test matrix 

Parameters that make up the test matrix 
dimensions include aircraft configuration 
(mass, inertias, eg location) and AFCS status, 
initial trim conditions (airspeed, climb angle, 
sideslip and turn rate), pressure altitude, 
outside air tempera.arc (oat),, control input 
(axis, shape, size, direction) together with any 
constraints that need to apply, eg in/out of- 
ground effect (l/ogc), light turbulence, within 
telemetry coverage etc. To support a compre¬ 
hensive simulation model validation exercise, 
the test matrix will contain hundreds of indi¬ 
vidual events. For example, a single input 
shape applied on each control, with two repeats 
and two amplitudes, would amount to 48 events 
at each trim condition. The requirement for 
several input shapes and a range of trim points 
magnifies the task to the extent that an efficient 
test plan is essential to avoid wasted flight and 
ground time. In general, a single flight should 
last about one hour at the most; fuel burn causes 
the configuration to change and crew fatigue can 
set in. The ideal test plan will define a 
sequence that takes account of fuel burn and the 
need to combine events in the post-flight 
analysis, hence flying these close together. 
Weather changes over the period of the trial can 
upset well prepared plans and dictate a need for 
flexibility, particularly in the temperate 
climates of Northern Europe. The passage of a 
front can change the altitude at which calm air 
is found from, say, 2000 to 6000 ft. While the 
•-tor can be made to work at similar thrust and 
torque conditions through mass changes, the 
fuselage aerodynamics will be markedly differ¬ 
ent at the two densities. 

The test plan can be assembled with the aid of a 
simulation model of the vehicle to be flown. In 
particular, input shapes, timings and ampli¬ 
tudes can be defined and expected response 
amplitudes established. Regions of potential 
instability or high stresses can be identified 
and estimates of flight time requirements made. 
Identification runs with nonlinear simulation 
test data can support the flight trials and 
provide initial estimates of required model 
structures and parameters. Above all, to take 
account of uncertainties in the initial model¬ 
ling, the test plan needs to be flexible with 
respect to control input shape. The quality of 
the data and potential for successful identifi¬ 
cation hinge on having appropriate designs 
which can only be validated in flight. This 
topic is further developed in section 3, but the 
requirements for on-line analysis are covered 
below. 


2.2 Flightcrew/groundcrew 
briefings and the test 
plan. 

The test matrix will need to be developed with 
the support of the flightcrcw. The flight test 
plan will then need to be developed in a scries 
of briefings that commence well in advance of 
the trials. Aspects that need to be covered 
include; 

(a) the need for specialised cockpit 
instrumentation to assist the aircrew with 
performance and safety monitoring, eg displays 
showing desired and actual test input, or 
margins between current flight state and the 
flight envelope boundary. 

(b) the need for piloted ground simula¬ 
tion to enable practice and refinement of test 
procedures. 

(c) the need to assess every potential 
risk carefully and to establish an incremental 
approach (from a known condition) to each new 
test point to minimise such risk, eg in-ground- 
effect (ige) hover manoeuvres arc best 
approached from ou-of-ground-effcct (oge) 
states in a series of well defined steps; high 
bank manoeuvres need to be approached from 
lower bank conditions. 

(d) the need to establish recovery 
procedures depending on the type of response, 
eg stable modes will eventually decay leaving 
the aircraft close to the original trim point, 
while unstable modes can cause rapid depar¬ 
tures. The recovery technique used in the two 
situations will be very different; it is important 
that the pilot understands that dangerous 
conditions can sometimes more easily be 
encroached during recovery than the test 
manoeuvre itself, particularly close to the flight 
limits. 

2.3 On-line monitoring; 
performance and 
safety aspects 

During the course of a flight, data quality and 
flight safety will be paramount in the minds of 
the aircrew. In most cases it is important, if not 
essential, that support is provided from a 
ground station, where key data are available in 
real time from the aircraft via a telemetry link. 
It is obviously crucial that a good, uninterrup¬ 
ted radio link is available between the aircraft 
and the ground, and that all personnel are 
trained in using this communication medium. 
Aspects covered by the groundcrew include, 
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(a) monitoring of critical stresses from 

the rotors and fuselagc/transmission, particu¬ 
larly during frequency sweeping and recovery 
from step inputs, when large transients can 
occur; visual display of outputs should be 
scaled to give a wide range between the no¬ 
damage and never-exceed levels. 

(b) monitoring of response amplitude to 

establish whether linearity assumptions can be 
invoked. 

(c) monitoring of control input quality 

if applied manually. 

(d) limited inter-event analysis can be 

performed to determine key data characteris¬ 
tics, eg response spectra, input/output coher¬ 
ence, kinematic consistency. This is a vital 
stage in the validation of the experimental 

design; while much more inter-flight and post¬ 
trial analysis can, and will need to be carried 
out, the inter-event work can serve to refine the 
input shapes and timings to achieve the opti¬ 
mum for each test point. 

(e) monitor data quality to establish 
levels of measurement noise ( eg dropouts, emc 
effects) and process noise (eg turbulence, 
vibration) 

(f) generally to assist the aircrew in 
approaching a new condition or test point 
incrementally. 

(g) in all the above, an agreed 
acceptance/rejection criteria needs to be 
established during the ground briefings. In the 
case of disagreement, the aircraft captain will 
always be the final Tbiter. 

2.4 Flying the test points 

Calm air is essential for accurate rotorcraft 
system identification, unless turbulence itself 
is the subject of interest; to date however, to the 
authors' knowledge, no flight research has 
addressed this topic for rotorcraft operating 
conditions. Ideally, the atmospheric conditions 
should be calm; this will ease the trim point 
flying, enable repeatable manoeuvres to be 
flown and simplify the identification consider¬ 
ably. There are several trade-offs relating to 
the question of whether the controls should be 
input manually or automatically through the 
stabilisation system. For simple input shapes, 
the pilot is very capable of applying and refin¬ 
ing the test inputs to improve the response 
content. Pilots have additional flight safety 
concerns with auto - inputs, and validation can 


be time consuming. On the other hand, complex 
input shapes can be applied more efficiently, in 
a regular/repeatable fashion, through the auto¬ 
matic system. A practical method for manual 
application has been developed e' the DLR. 

(i) main pilot trims aircraft; 

(ii) copilot inputs required signal, with 
hands off other controls; 

(iii) main pilot monitors flight safety and 
may apply corrective control in secondary 
axes; 

(iv) at event completion the main pilot 
retrims aircraft. 

Such an approach ensures that unwanted, 
correlated control inputs by the copilot are 
avoided. 

Flight time in close to ideal conditions is a 
premium during a trials programme and should 
be exploited fully. This may often be at the 
expense of conducting enough analysis to judge 
the data value. Without a comprehensive on¬ 
line capability, this dilemma will always 
prevail; the pressure to capitalise on good 
conditions/scrviceability is hard to resist. 


3 Test Inputs for Parameter 
Identification 

3.1 Forms of input commonly used 

One form of test input which has been used 
widely for the identification of fixed-wing 
aircraft is the doublet. Fig 1 shows an ideal 
doublet and the corresponding autospectrum 
which has a well defined peak at a frequency 
which depends upon the time duration of the 
positive and negative phases of the signal. Since 
these phases are of equal duration in the ideal 
doublet the signal has a mean value of zero. 
This is a desirable feature of test inputs for 
most identification applications since a non¬ 
zero mean value, as in a step input, produces a 
change o', operating condition away from the 
initial trimmed state. 

Doublet signals can be used by pilots to search 
for natural frequencies of the aircraft and can 
be applied very effectively to excite the short- 
period mode in longitudinal motion and also the 
Dutch roll. However, as has been pointed-out by 
Plaetschke et at (1979), some derivatives can 
only be found as ratios in the vicinity of the 
natural frequencies although others may be 
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identifiable individually. In the case of the 
helicopter the highly coupled form of model 
structure presents significant difficulties in 
this respect. Doublet inputs and other similar 
test signals are therefore generally regarded as 
having limited value for helicopter identifi¬ 
cation due to their relatively small bandwidth. 
These inputs are, however, capable of exciting 
modes in either axis and can be of value when 
used in conjunction with other forms of test 
input. 

A second type of simple multi-step test signal, 
which has been used widely for rotorcraft 
system identification is the so-called '3-2-1-1' 
pseudo-stochastic signal (Plaetschke et al, 
1979; Kaletka, 1979). The numbers used in the 
designation of this type of input refer to the 
relative time intervals between control rever¬ 
sals. Fig 2 shows the form of this signal in the 
time domain together with the corresponding 
representation in the frequency-domain in 
terms of the auto- spectrum. It can be seen that 
this form of input provides more energy than 
the doublet, especially at the lower frequencies, 
and can in principle provide broader band 
excitation. Difficulties can arise, however, for 
cases in which stability margins are small since 
the use of a 3-2-1-1 test signal may not allow an 
adequate length of data record during the 
unforced part of the response (Kaletka, 1979 ; 
Leith et al, 1989). It should be noted that a 
modified form of 3-2-1-1 test signal, involving 
a reduced amplitude of the initial step, has been 
used by dc Leeuw and Hui (1989) to reduce the 
magnitude of the initial part of the response and 
to balance the total perturbation about the 
trimmed flight condition. This may permit a 
larger overall amplitude of the input without 
violating constraints associated with nonlinear 
effects. 

Sinusoidal control inputs at high enough 
frequencies can result in an aircraft response 
that is dominated by the control derivatives and 
this fact has been used by de Leeuw and Hui 
(1989) for estimation of such quantities. 

One form of test signal which has been used 
increasingly in recent years to provide broad¬ 
band excitation is the 'frequency sweep' 
(Tischler et al, 1985). Such signals generally 
involve an initial phase during which two 
sinusoidal cycles of input are applied having a 
frequency equal to the lower bound of the 
required frequency range. The second phase 
. also involves sinusoidal excitation, but in this 

case the signal period is gradually decreased 
until the control is being driven at a relatively 
high frequency and usually with a significantly 
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smaller amplitude of motion. The control is 
then returned to the trim condition. The overall > 

period of a frequency sweep test input is nor¬ 
mally chosen from available information con- 1 

ceming the dynamics of the vehicle in order to 
provide good identification of the low frequency 
modes and to give an even excitation of the 
vehicle dynamics over the frequency range of 
interest (Tischler, 1987). 

The coherence function is a very useful measure 
of the degree to which a given test signal pro¬ 
vides satisfactory excitation, as a function of 
frequency (Tischler, 1987). This quantity may 
be interpreted as the fraction of the output 
autospectrum which may be accounted for by 
means of a linear relationship with the input 
autospectrum (Otncs et al, 1978). Ideally the 
coherence function should have a value of unity 
and smaller values may be associated with the 
presence of nonlinearities in the system bung 
identified, process noise (ie turbulence and 
gusts) and lack of input power and/or lack of 
response power (Bendat et al, 1980, 1986). 

3.2 Constraints associated with 
manual input of test signals 

As described in section 2.4 inputs applied 
through the stabilisation system provide clear 
advantages over the manual application of test 
signals for cases where complicated signal 
shapes arc required. However, in cases where 
signal shapes are relatively simple, there can be 
advantages in pilot involvement. It has been 
found that, after appropriate training, pilots are 
capable of applying such signals with the 
required level of accuracy and repeatability. 

When test signals are to be applied by the pilot 
using the normal controls a number of important 
issues arise. Limits imposed by the neuro- 
musculai system affect the maximum rate of 
change of input and this influences the achiev¬ 
able bandwidth of the excitation. Similarly, any 
departures from the ideal timing of control 
input changes will also have a direct effect on 
the autospectrum of the test signal applied to 
the vehicle. 


In addition to the problems associated with the 
spectral characteristics of the resulting test 
inputs, difficulties can be encountered in 
generating repeatable .signals having exactly the 
required amplitudes in each direction. Test 
inputs which are too small are ineffective in 
terms of the resulting signal-to-noise ratios, 
while test inputs which are too large produce 
nonlinear behaviour. For signals which involve 
a long sequence of control movements it may be 
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necessary for the pilot to take corrective action 
during the experiment in order to ensure that 
the aircraft response remains within specified 
limits. Such intervention by the pilot is 
generally undesirable. It should be avoided, 
wherever possible, by careful preliminary 
design of the flight experiments. Where tests 
are carried out in flight conditions involving 
small margins of stability some additional 
control may be essential and this is best 
accomplished by the pilot using pulse inputs. 
The use of a stability augmentation system is 
undesirable in system identification tests 
because the continuous feedback can introduce 
unwanted correlations between input and 
output. 


4 Methods for Experimental Design 

In any consideration of experimental design for 
parameter identification testing it is important 
to emphasise that designs based on any avail¬ 
able mathematical model of the vehicle are 
unlikely to be optimal in practice due to uncer¬ 
tainties in the model. It is important to be able 
to characterise some flight data prior to any any 
detailed experimental design. Such preliminary 
flight data must, of course, be chosen to be 
representative of the flight condition for which 
the proposed identification tests arc to be 
performed. 

4.1 A quantitative basis for comparison 
of test inputs 

Before attempting to carry out a flight test 
experiment design it is important to establish a 
quantitative basis upon which comparisons can 
be made. One well-established approach for 
comparing identification experiments is based 
on the use of the Cran;“,r-Rao bound (Plaetschke 
and Schulz, 1979). In that approach the vari¬ 
ance of parameter estimates is related to 
elements of the dispersion matrix, which can be 
calculated from the measured responses. Inputs 
giving a dispersion matrix with small elements 
are preferred in comparison with inputs pro¬ 
ducing much larger elements. This has led to 
the development of algorithms foi designing 
inputs which minimise some appropriate 
function of the dispersion matrix. 

Care must be exercised in the application of 
algorithms based upon the dispersion matrix 
since this matrix only provides a lower bound 
on the covariance of parameter estimates. The 
elements of the dispersion matrix are equal to 
the covariance values only for the special case 
of an efficient estimator. It should be noted 


that in situations where relatively long test 
records are available maximum likelihood 
estimators (which are asymptotically efficient) 
can be used reliably with inputs designed using 
the dispersion matrix. 

4.2 A frequency-domain approach to 
design 

In general, in designing a test signal for identi¬ 
fication a three-stage process may be adopted. 
The first stage involves initial simulation and 
analysis, based on the best currently available 
mathematical model, to obtain a first estimate of 
the dynamic range for testing. This provides a 
basis for the second stage which involves the 
design of a preliminary experiment using 
broad-band test signals such as frequency 
sweeps. Analysis of the results from this 
initial characterisation is of considerable value 
for the design of the flight experiments from 
which parameter estimates are to be obtained. 
For example, assumptions of the overall lin¬ 
earity can be checked by examining the coher¬ 
ence of selected pairs of input and output 
variables and the tests can also provide 
opportunities to characterize the linear and 
nonlinear dynamic characteristics of the 
actuation system. 

Requirements in terms of test signal frequency 
range are determined by the most demanding 
application of the identified model. Examples 
of demanding applications include flight control 
system design, the development of research 
flight simulators and their application in 
handling-qualities studies at the limit of of the 
flight envelope. Typical requirements involve 
upper frequency limits of at least 20 rad/s in 
order to capture regressing lead-lag and flap 
modes in helicopters such as the BO105. With 
lower-order models and less demanding appli¬ 
cations it is appropriate to use test inputs 
conditioned to avoid high frequencies which 
could excite higher order rotor and engine 
modes. It should be noted that since the res- 
panse following the application of the test input 
is dominated by the natural modes, the run 
length required for estimation of stability 
derivatives is generally greater than that 
needed if only the control derivatives are to be 
estimated. 

Practical broad-band multi-step test inputs can 
be designed to avoid excitation at resonant 
frequencies while giving a satisfactory disper¬ 
sion matrix. Leith and Murray-Smith (1989) 
have applied a frequency-domain approach to 
this design problem involving a cost function of 
the form 



1 = S k =l a k lF <“k)l • 

where F(<oj c ) is the Fourier transform of a 
general multi-step signal for n steps, toj, arc 
frequencies (rad/s) and a^ arc constants 
(k=l,2, ... m). The values of the weightings a 
and the frequencies to in this cost function are 
chosen to meet the requirements in terms of 
frequencies which should or should not be 
excited by the input. For a given number of 
steps, n, in the multi-step input the cost 
function is maximised in terms of the timing of 
these steps. Specifying a large positive coeffi¬ 
cient a results in an input with a large auto- 
spectrum component at the frequency to^ . Con¬ 
versely, specifying a large negative a results in 
an input signal with a small auto-spectrum 
component at co^ . This allows inputs to be 
synthesised which satisfy the general guide¬ 
lines for test signals outlined above. 

The weightings chosen for the different parts of 
the frequency range in this form of approach 
can have considerable significance in terms of 
robustness. Since the model of the vehicle is 
not known exactly the frequencies of the natural 
modes are not known exactly. In order to allow 
for uncertainties inputs should avoid exciting a 
range of frequencies around the predicted posi¬ 
tion of each resonance. This should also tend to 
reduce the overall sensitivity to errors intro¬ 
duced by the pilot in applying the test inputs 
since errors in the auto-spectrum are then less 
significant in their effects. 

In the case of a flight tes.s on the Lynx heli¬ 
copter a double-doublet form of input, designed 
using this frequency-domain approach, was 
found to provide useful test records, without 
stability augmentation, of more than 30 seconds 
duration before pilot intervention became 
necessary. Using 3-2-1-1 inputs with the same 
helicopter useful test records could not be 
obtained since corrective pilot actions were 
required very early in each test and the result¬ 
ing records were of very short duration (Leith 
and Murray-Smith, (1989)). 

It is important to note that the application of 
any form of test input design process depends 
upon the availability of initial estimates for the 
parameters to be identified. The design of truly 
optimal inputs is thus impossible and the 
process of selecting the most appropriate form 
of input is an iterative one. An experienced test 
pilot can provide valuable assistance in the 
process of searching for the best input for a 
particular application. 


5 Conclusions 

The success or otherwise of system identi¬ 
fication work in any field of application 
depends very largely upon the availability of 
high quality experimental response data and 
thus upon the planning and conduct of the 
associated experiments. In the case of rotor- 
craft identification it is essential to recognise 
that there are trade-offs in terms of perform¬ 
ance and flight safety. Careful planning and 
experimental design are therefore of critical 
importance in order to maximise the informa¬ 
tion content of the measured response data 
while maintaining adequate safety margins. 

The design of experiments for identification 
purposes is influenced very much by the 
information available about the system under 
test. The optimisation of experiments for 
system identification is therefore an iterative 
process with repeated phases of experimenta¬ 
tion, model refinement, experimental design and 
further experimentation. Cost and time con¬ 
straints in the case of rotorcraft flight testing 
mean that the experiment design process is, in 
reality, often only a three stage process involv¬ 
ing initial simulation studies, a preliminary 
experiment based on a broad-band test signal 
followed by a further stage of analysis and 
refinement of the design. 

Within this overall design process the selection 
of test input signals presents special problems. 
One requires an input which will excite the 
system over the full range of frequencies of 
interest and give an adequate signal-to-noise 
ratio for all the measured response variables. 
On the other hand the excursions from the 
initial trim condition must not be so large that 
assumptions of linearity,, upon which most 
identification algorithms depend, are invali¬ 
dated. Frequency-domain methods have been 
shown to have some advantages in handling this 
design problem since they allow multi-step test 
signals to be tailored to avoid excitation of the 
system at resonant frequencies while maximis¬ 
ing an appropriate measure of the information 
content of the response data. 
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1. Summary 


The quality of measured flight test data is critically 
important to system identification, Inaccurate or 
kinematically inconsistent data can lead to identifica¬ 
tion of an incorrect model or inability to obtain con¬ 
vergence of the estimation solution. Therefore, this 
lecture concentrates on instrumentation and data 
processing aspects from a system identification point 
of view. It is mainly based on the work of the 
AGARD Working Group WG-18 on Rotorcraft 
System Identification who concentrated on the iden¬ 
tification of 6 degrees of freedom models. In addition, 
rotor blade instrumentation needed for the determi¬ 
nation of extended models with explicit rotor degrees 
of freedom is addressed 


2. Introduction 


Independent from the actually applied method, the 
general system identification approach is always 
based on the same principle- the measured inputs and 
outputs of a system are used to extract the unknown 
system characteristics. There are many differences in 
the complexity of identification techniques and their 
requirements: 'parametric' methods need an a priori 
knowledge of the model structure and often parame¬ 
ter starting values, whereas 'nonparametric' methods 
(e g. spectra analysis) work without model structure. 
But all methods rely on the information provided by 
the amplitude and phase relationship between 

• the measured control inputs and 

• the measured system response. 

Consequently, errors in the measurements must also 
cause errors in the identification and it is evident that 
an appropriate instrumentation is necessary. 
Although methods to detect errors and to correct or 
even completely reconstruct unreliable measurements 
have been developed and are successfully applied, 
they cannot avoid that information is lost that could 
have been provided by accuiateiy measured data. 

This Lecture first gives a brief introduction to the 
basic identification procedure to illustrate the impor¬ 
tance of accurate flight test data. Then, the measure¬ 
ments required for the determination of 6 degrees of 
freedom models (DOF) are summarized and the data 
provided to the Working Group arc reviewed. The 


measurement of rotor data needed for the identifica¬ 
tion of models with rotor degrees of freedom is 
addressed. Some typical problem areas and sensor 
characteristics are discussed in more detail, and final¬ 
ly, the main data processing steps and the associated 
equations are summarized 


3. Principle of System Identification 
Approach 

Specifications for the required measured variables, the 
selection of appropriate sensors, and the conditioning 
of the measurements highly depend on the flight test 
objectives and the data evaluation approaches 
Therefore, before concentrating on instiumentation 
subjects, the basic approach for system identification 
is first characterized (a more detailed presentation will 
be given in the lecture on Identification Techniques 
[1].): 'lhc helicopter characteristics are described by 
a system of coupled linear diffei ential equations in the 
form of 

x = Ax + Bu (1) 

with x as state vector and u as control vector. The 
objective of system identification is to determine the 
unknown coefficients in the state and control matri¬ 
ces A and B by matching the calculated model 
response to the measured flight test data. As the sys¬ 
tem characteristics are deducted form measurements 
it is obvious that data errors will degrade the results 
and that major emphasis should be placed on meas¬ 
urement accuiacy. Depending on the applied iden¬ 
tification techniques theie is also a different sensitivity 
to data errors as will be demonstrated for two of the 
most commonly used identification approaches: the 
equation-error method and the output-error tech¬ 
nique. 


3.1 Equation error method 

The basic approach is depicted in Figure 1. The 
control inputs u, the aircraft state response x, and the 
acceleration response x are measured. As seen in the 
Figure, both the measured state and control time 
liistory data are used as known values in the math¬ 
ematical model formulation. The identification algo¬ 
rithm then minimizes the difference between the 


X 




model and the measured acceleration response x by 
adjusting the model coefficients. 

As the state and control variables are taken from 
measurements and are tr’ated as known, each 
equation in the mathematical model is decoupled and 
can be identified separately and independently from 
the remaining equations, giving the approach the 
name equation error technique. As usually the squared 
differences of the calculated and measured acceler¬ 
ation response are minimized it is also often called 
Least Squares equation error method. As the deter¬ 
mination of the unknowns has a closed solution (no 
iterations are needed), the approach is computa¬ 
tionally very efficient with low storage and CPU 
requirements. It can easily be implemented and is in 
particular suited for smaller computers. 

When the obtained model is used for any applica¬ 
tions, usually the control inputs are given and the 
model response is calculated by integrating the dif¬ 
ferential system. When this is done, the obtained 
model response can be significantly different from the 
measured variables (even with the same data set that 
was used for the identification) for two main reasons: 

• The A and B matrices were not identified accu¬ 
rately for reasons related to the identification 
procedure itself. 

• The quality of the measurements of the control 
variables and, in particular, of the state variables 
was not appropriate. 

The ~ond reason leads to the main disadvantage of 
the equation error method: 

1. Absolutely accurate control and state measure¬ 
ments are required and only low noise levels in 
the measured accelerations can be tolerated. 

2. Measurements "ir all control, state, and accel¬ 
eration variables f the mathematical model are 
needed. 

In consequence, there are very high accuracy 
requirements for the instrumentation system, which 
can often not be met. This is particularly true for 
helicopters, where vibration noise deteriorates all 
measurements and air speed data are usually of lower 
quality and, in low speed conditions, are often not 
available at all. To some extend, the application 
advantages of equation error methods are 'payed' by 
high efforts in both the improvement of sensor accu¬ 
racy and instrumentation hardware and the develop¬ 
ment of complex data processing software like state 
estimation and reconstruction methods. 


3.2 Output error method 

The general approach for an output error identifica¬ 
tion techniques is shown in Figure 2. The control 
inputs and the aircraft response are measured. Simitar 
to the above described equation error approach the 


aircraft is modeled by a set of linear differential 
equations as given in equation (1). In addition, an 
observation- or measurement vector y is defined. It 
allows combinations of model states and control 
variables to generate model responses that can be 
compared to the measured aircraft response: 

y = Cx + Du (2) 

Using the measured control inputs, the model 
response y is calculated. The identification algorithm 
then minimizes the differences between the calculated 
and measured time histories by adjusting the 
unknown parameters in the state and control matrices 
A and B and the observation matrices C and D. As 
the model and aircraft outputs are compared, this 
approach is called an output error technique. There 
are some distinct differences in comparison to 
equation error methods: 

• based on control measurements, the model 
states are calculated by integrating the differen¬ 
tial equations. Hie identification of the 
unknown parameters is an iterative process as 
an update of the model yields a new model 
response to be compared to the flight test data. 

• The use of the observation equations gives a 
higher flexibility in the selection of the outputs 
to be compared. 

• As calculated (and not measured) model states 
are used, the method is less sensitive to model 
structure errors and errors or noise in the states. 

• It is not absolutely necessary to measure all 
accelerations and states. 

The application of output error methods certainly 
should not justify a decrease in instrumentation 
accuracy requirements. However, such techniques 
can better cope with errors in the response measure¬ 
ments than equation error techniques. In particular 
the fact that various output measurements, and 
probably also redundant data, can be used in the 
observation vector makes it easier to adapt the data 
evaluation to an existing instrumentation system. 
However, two main requirements for the instrumen¬ 
tation are: 

• control inputs must be measured accurately, 

• phase shift errors in the measurements must be 
avoided. 

System identification can only be successful when 
reliable flight test data are available. This is generally 
true for both identification approaches but partic¬ 
ularly for equation error techniques. Analyst working 
in the field of system identification should be aware 
that measurement errors will cause (more or less) 
errors in the identification results. Therefore it is 
essential to establish a close contact to instrumenta¬ 
tion engineers, to make them familiar with the eval¬ 
uation of the measured data and the high accuracy 
requirements. 
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4. Measurements for the Identification of 
Models with 6 Degrees of Freedom 

Measurements needed for the identification primarily 
depend on the structure of the mathematical model. 
In the Working Group it was decided to concentrate 
on the identification of a linear rigid body helicopter 
model with six degrees of freedom. The identification 
of such models represents the present standard of 
rotorcraft identification. In the following, the required 
measurements arc summarized. Then the data pro-- 
vided to the Working Group arc reviewed. 


4.1 Required measurements 

A linear rigid body helicopter model with 6 degrees 
of freedom is given by a system of eight coupled first 
order differential equations: 

x = Ax 4- Bu (3) 

with the state vector 

x 1 2 = (u, v, w, p, q, r, 0,0) 

and the control vector 
T 

u “ Ion ? ^lau ^coh ^ped) 

As previously described, an equation error technique 
needs the measurements of all components of the 
control vector u, the state vector x, and tie acceler¬ 
ation vector x. When an output error method is 
applied, the variables to be included in the measure¬ 
ment vector can to a certain extent be chosen by the 
analyst. In general, the measured state variables are 
used or equivalent data like dynamic pressure, angle 
of attack, and sideslip angle instead of the speed 
components. In addition (or eventually in replace¬ 
ment) however, measurements like linear and rota¬ 
tional accelerations, or helicopter position data. -*lc. 
can also be included. 'ITierc are close relationships 
between instrumentation and parameter identifica¬ 
tion: 

1. In any case, the measurement vector and the 
helicopter instrumentation ire directly depend¬ 
ent from each other. Usually, the instrumenta¬ 
tion is given and the observation variables can 
only be selected from the available measure¬ 
ments. The request for additional measurements 
requires an extension of the instrumentation 

2. The selection of the considered measurements 
can have a significant effect on the identified 
parameters and the model validity. When o; !y 
measurements dominated by the low frequency 
helicopter characteristics are chosen, like speed 
components and attitude angles, the model will 
give a good representation of the lower fre¬ 
quency range but it can be less accurate for 
higher frequencies. The opposite result will be 
obtained by the use of mainly higher frequency 
data like accelerations and rates. Although it 


depends on the intended application of the 
model, it is in general advisable to use both data 
groups in the measurement equations 

For the six degrees of freedom models like they were 
used in the Working Group, a 'standard' set of suit¬ 
able variables to be measured can be recommended: 

1. controls, 

2. airspeed data, 

• speed components in longitudinal, lateral, 
and normal direction (u, v, w), 

or 

• airspeed, angle of attack, and angle of 
sideslip (V, a, /?), 

3. linear accelerations, 

• linear accelerations (a„, a,, a,), 

4. angular infonnation, 

• rates (p,q, r), 

• roll and pitch attitude (<I>, 0), 

and option -lly 

• rotational accd.-rations (p, q, r). 

The measurement of helicopter rotational 
accelerations is difficult and often not 
available. Therefore, differentiation of the 
measured rates is probably more appro¬ 
priate. 


4.2 Measurements provided to the Working 
Group 

Three different data bases were made available to the 
Working Group: AII-64 (Apache) of MDIIC, BO 
105 of DLR, and SA 330 (PUMA) of RAE. 
Table 1 to Table 3 summarize the provided meas¬ 
urements. They demonstrate that the instrumentation 
systems of each oi the three helicopters could easily 
provide the measurements that were recommended 
for the identification. 

• controls, 

• speed variables and linear accelerations, 

• rates and attitude angles. 

In the following sections the individual measurement 
variables and their sources arc reviewed for the three 
data bases. 

4.2.1 Measurement of control variables 

System identification methods assume that control 
inputs are measured without any errors. In practice, 
the control movements can quite accurately be 
obtained from carefully calibrated synchros or 
potentiometers. The main problems arise from 
unsufficient signal resolutions and, in particular, from 
the sensor locations. As it is seen from Table 1 both 
the BO 105 and the SA-330 control inputs were 
measured at the pilot's controls whereas the AH-64 
data were obtained from the actuator output. 
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4.2.2 Measurement of speed variables and linear 
accelerations 

The speed and linear acceleration measurements are 
summarized in Table 2. 

Hie standard source for airspeed data is a noseboom 
system with a pressure sensor and two vanes (angle 
of attack and sideslip). Such systems have been 
developed for fixed wing aircraft and were then also 
used for helicopters although they do not work in the 
low speed and hover flight regime. Specific helicopter 
airspeed systems arc still rare. From the three con¬ 
sidered helicopters only the BO 105 is equipped with 
a Helicopter Air Data System HADS (swivelling 
probe installed under the rotor). 'Hie AH-64 and the 
SA-330 provided data from a noseboom system. In 
addition, the All-64 data base included ground speed 
data. As the mathematical models are based on air¬ 
bed components, it is preferred to work with mea¬ 
sured air data As the airspeed information from the 
AH-64 turned out to be suitable, the ground speed 
data were not used in the Working Group. (The 
interesting aspect however of having both, ground 
and air speed data with an acceptable accuracy is the 
determination of wind and c ust disturbances, which 
can allow the identification of the helicopter's gust 
disturbances characteristics). 

All three helicopters were equipped with linear accel¬ 
erometers installed close to the Center of Gravity. In 
addition, the AH-64 and the SA-330 had a second 
unit with linear accelerometers For the AH-64 it was 
installed close to the pilot's seat, and in the SA-330 
it was integrated within a transportable sensor pack¬ 
age, the so-called agility package. 

4.2.3 Measurement of angular variables 

'Hie measurements for the angular information (rates, 
attitude angles, heading, rotational accelerations) are 
listed in Table 3. .vll three helicopters provided rate 
data obtained from individual rate gyros, (for the 
AH-64, the gyros arc integrated in a Heading Attitude 
Reference System (HARS)). The AH-64 data also 
gave differentiated attitude angles and the SA-330 
provided additionally the signals obtained from the 
agility package rate gyros. 

For the attitude angles and heading, vertical and 
directional gyros were used. Again, the SA-330 data 
base gave in addition the agility package data. 

Rotational accelerations were only provided in the 
AH-64 data base. They were obtained from angular 
accelerometers. Such measurements are needed for 
equation error methods and can be very helpful as 
part of the measurement vector in output error tech¬ 
niques, to emphasise the higher frequency range of 
the model validity. As angular acceleration measure¬ 
ments are seldom available, the rotational acceler¬ 
ations are often derived by differentiating the meas¬ 
ured rates. 


4.3 Comments 

Comparing the above data rr asurement require¬ 
ments and the provided measurements from the three 
helicopters, it can be seen that helicopter instrumen¬ 
tation sysii ms in general can easily provide the data 
needed lor the identification of 6 DOF models. 
Although the three helicopters were ma>nly equipped 
with individual sensor systems, there is no specific 
preference for such an instrumentation system com¬ 
pared to an inertia system package. However, it is 
absolutely necessary to know the sensor character¬ 
istics and, probably even more important, the data 
processing like filtering a"d sampling rates, that is 
done along the data flow from the sensor to the data 
recording. For commercially available instrumenta¬ 
tion packages it is often difficult to obtain more 
detailed information. From this point of view some 
advantages arc seen in the use of individually installed 
sensors. They can also provide more redundancies in 
the measurements which can be used for data quality 
investigations 

A high measurement accuracy is the dominant 
requirement for system identification. The transdu¬ 
cers used for the measurements of control positions, 
linear accelerations, rates, and attitudes are usually 
potentiometers or synchros, linear accelerometers, 
and gyros. The today available sensors generally pro¬ 
vide liigh accuracies and are appropriate for identifi¬ 
cation purposes. However, when transducers are 
selected and installed, emphasis should be placed on 
three aspects: 

• the measuring range has be chosen to, on one 
hand, provide a high signal resolution and 
accuracy and, on the other hand, avoid signal 
saturation for the planned flight test exper¬ 
iments. 

• ci oss axis sensitivities can generate significant 
problems and must be kept as small as possible. 
They can be caused by both, sensor character¬ 
istics and installation misalignments. 

• a careful calibration with clearly defined signs is 
absolutely necessary. In addition to a sensor 
calibration in the laboratory, it is advisable to 
run an additional calibration (or at least use a 
few test points) with the complete instrumenta¬ 
tion equipment engaged. Here the data flow 
from the sensor to the recording system can be 
checked. 

From the review of the provided data bases it can be 
concluded that modem instrumentation systems do 
meet system identification requirements so far as the 
availability of measurements is concerned. The fact 
that analysts still sometimes have to state that data 
were not appropriate for system identification pur¬ 
poses is often related to the way how the instrumen¬ 
tation system was used or it is a lack of more detailed 
information about the sensors and the on-board data 
processing. Again, a close contact to the instrumen¬ 
tation engineers and a detailed information exchange 


is strongly recommended. However, there are several 
detailed problem areas, both instrumentation and 
helicopter related, that can cause significant difficul¬ 
ties. Some of them will be addressed in the section 
on Problem Areas 


5. Measurements for the Identification of 
Models with Rotor Degrees of Freedom 

Helicopter models with 6 degrees of freedom are 
useful for applications that require an appropriate 
representation of the helicopter dynamics in the low- 
and mid-frequency range (up to about 10 rad/s lor 
the BO 105), like handling qualities evaluations or 
piloted simulations. However, when models with a 
more reliable representation of the higher frequency 
dynamics are needed, for instance for high-bandwidth 
control-system design, it is necessary to extend the 
model formulations by equations for the rotor 
dynamics. Consequently, the identification of such 
extended models requires measurements for the rotor 
degrees of freedom. 

The identification of models with rotor degrees of 
freedom were beyond the scope of detailed study by 
the Working Group. It is still a major research task 
and presently there are only few attempts with good 
results. This is certainly also due to the fact that quite 
often rotor measurements are either not available at 
all or they are of lower quality. This is particularly 
true for hingclcss rotors as, in contrast to articulated 
rotors, blade motions can no longer be measured at 
physical hinges but have to be derived from blade 
bending measurements. 

To approach the identification of helicopter models 
with rotor degrees of freedom, DLR concentrated on 
a model formulation with 3 additional degrees of 
freedom representing the rotor coning, longitudinal 
and lateral flapping. Consequently, the required rotor 
measurement were flapping for all four blades and 
rotor azimuth. The DLR BO 105 rotor was instru¬ 
mented with a pair of strain gauges at the location of 
the equivalent hinge offset. The obtained signals were 
fed to a specially developed rotor signal module 
mounted on top of the rotor (Figure 3). The module 
was equipped with analogue amplifiers and a digital 
processor that is used for A/D conversion, the data 
transfer via slipring to the on-board data recording 
system, the sychronization of the rotor data with the 
data stream from the sensors installed in the helicop¬ 
ter body, and, optionally, any real time totor data 
processing [3]. The rotor azimuth was measured by 
a saw-tooth potentiometer. 

For the calibration of the flapping motion, first the 
usually used static technique was applied by bending 
the (non-rotating) blade. When the obtained results 
turned out to be not satisfactory, the signal cali¬ 
bration was done at the rotating blade under condi¬ 
tions of airloads and centrifugal forces [3]. As sche¬ 
matically shown in Figure 4, the blade tip deflections 


and the corresponding strain gauge signals were 
measured on the ground for different collective con¬ 
trol positions (maximum: almost take-off). The cali¬ 
bration was done for each of the four blades and, for 
redundancy, for two different azimuth locations. 

As an representative example for the obtained flight 
test data Figure 5 presents for a collective input sig¬ 
nal the measured flapping angles for each blade 
(rotating system) and the azimuth angle. It can be 
seen that the data have practically the same response 
characteristics for mean valjes, amplitude changes, 
and higher order effects. The obtained data accuracy 
also allowed the calculation of a reliable tip path 
plane motion by a multiblade coordinate transfor¬ 
mation to obtain longitudinal and lateral flapping and 
coning. These variables that :ire defined in a body 
fixed non-rotating axis system, are shown in 
Figure 6 for longitudinal, lateral, and collective con¬ 
trol inputs. Higher frequency noise is small proving 
that the calibrations and measurements of the indi¬ 
vidual blades are consistent to each other. The pri¬ 
mary axis responses can clearly be recognized. The 
time histories of longitudinal flapping due to longi¬ 
tudinal stick and coning due to collective indicate 
that the rotor response has at least a 2nd order system 
characteristic. The lateral flapping response due to a 
lateral stick inpjt shows a significantly different 
characteristic as both, the roll moment of inertia and 
the fuselage aerodynamic moments in the roll axis a-e 
small. 

Results obtained from the identification of the 
extended model are given in the lecture on BO 105 
Identification Results [4], 


6. On-board Data Processing 

Extensive on-board data processing is needed for all 
processes that are based on the immediate availability 
of measurements. Such on-line data processing is for 
example a prerequisite for control systems, ranging 
from mode stabilization up to in-flight simulation. 
As rotorcraft system identification still is an off-line 
procedure, no specific on-board data processing is 
required except for the standard signal conditioning 
steps converting sensor signals to the appropriate 
format for data recording. They include all modifying 
operations applied to signals like the adaption of 
transducer outputs to the input requirements of the 
data handling system (e.g. synchro to analogue con¬ 
version), signal amplification, filtering, multiplexing, 
digitization, and data recording (often on board of the 
aircraft to avoid disturbances from the telemetry). 
The data conditioning is certainly necessary and helps 
to maintain the data quality. However, some of the 
procedures can significantly modify the original sen¬ 
sor output data. 

For system identification, care must be taken with 
analogue (anti-aliasing) filters, causing phase shifts, 
and with data sampling when data are scanned 




sequentially with time delays between the individual 
channels These effects can be corrected during the 
further data processing. However, it is evident, that 
the analyst must know exactly what has 'happened' 
to the data. Only then, appropriate corrections can 
be made. In practise, here is quite often the main gap: 
the instrumentation engineers are not informed of the 
data requirements for a specific evaluation and the 
analysts are not aware of the data conditioning steps 
that can already have deteriorated the data for their 
applications. Therefore, a close cooperation and a 
detailed information exchange between these two 
groups is absolute necessary. It can be more impor¬ 
tant than increasing a sensor accuracy by another 
tenth of a percent in order to generate more reliable 
data. 


7. Problem Areas 

Some of the typical problem areas in helicopter flight 
data measurement were also seen in the data provided 
to the Working Group. They are mainly due to heli¬ 
copter and sensor characteristics but also can occur 
during the signal conditioning. Some examples are 
illustrated in more detail: 


7.1 Airspeed measurement 

The conventional sources for air data measurement 
arc vanes and pressure probes. They were originally 
developed for fixed wing aircraft and are also used for 
helicopters. Rotorcraft, however pose special prob¬ 
lems in accurate sensing of air data: The sensors have 
to be installed on a relatively long boom to keep 
them away from main rotor wakes. The boom must 
be quite stiff to avoid oscillations excited by the heli¬ 
copter vibration. With decreasing speed, pressure 
measurements become more and more inaccurate and 
near hover both, pressure tubes and vanes cannot be 
user' at all. Although these deficiencies are obvious 
and well known, only a few air data systems are 
available that were designed to also operate in the low 
speed regime of helicopters. 

The All-64 and the SA-330 use a boom to piovide 
air data. For the flight conditions considered in the 
Working Group (120 kn for the AH-64 and 80 kn 
for the SA-330) the systems gave good measure¬ 
ments. (The AH-64 is additionally equipped with a 
low range airspeed system. These data however were 
not provided to the Working Group). 

The BO 105 uses a helicopter air data system. It 
consists of a swivelling pitot static probe installed at 
the fuselage close to the rotor. For low speed it is 
designed to work within the rotor downwash. Meas¬ 
urements are dynamic pressure and probe angle of 
attack and sideslip. For the flight condition consid¬ 
ered in the Working Group (80 kn) the sensor is out 
of the rotor downwash and aligns with the total flow. 
The measurements however show that rotor wake 


interferences cannot be avoided in dynamic flight 
manoeuvres. Figure 7 shows the helicopter response 
due to a longitudinal stick doublet input. In the speed 
data, and particularly in the lateral speed, significant 
disturbances arc seen They are caused by rotor wakes 
that 'hit' the sensor when the helicopter pitches 
nose-down. Then, the sensor rotates to the left and 
indicates a high sideslip angle and consequently a 
liigh sideward speed In the signals this effect is seen 
like a data drop-out It can last for even a few seconds 
until the sensor is in undisturbed flow again 


7.2 Measurement of linear accelerations and 
rates 

All measurements of the helicopter motion are influ¬ 
enced by a high vibration level. This is particularly 
true for the linear accelerations and the rates. For 
BO 105 data obtained from a longitudinal stick con¬ 
trol input Figure 8 first presents the actually meas¬ 
ured unfiltered data. Then, on the same scale, it 
shows the data after being filtered by a digital low- 
pass filter with a cut-off frequency of 12.5 Ilz. From 
the comparison it can be seen 

• the high frequency noise (mainly blade har¬ 
monics) can easily be removed by low-pass fil¬ 
ters. As system identification results are very 
sensitive to phase errors, zero-phase shift digital 
filters should used. 

• for the linear accelerations (and in particular the 
forward and sideward accelerations) there is a 
very low signal-to-noise ratio. In this test, the 
helicopter forward and sideward accelerations 
are less than 0.5 m/s 2 . (In general, helicopters 
cannot produce large linear accelerations, except 
for the vertical axis). The vibration level on the 
data is more than 5 m/s 2 and reaches even higher 
values in other flight conditions (flare and hov¬ 
er). Consequently, the measuring range of the 
accelerometers is practically defined by the 
vibration levels. Therefore, the BO 105 was 
equipped with sensors of a ±12 m/s 2 range for 

and Oy. Although the 'useful' part of the signal 
is less than 5 % of the total sensor range a high 
accuracy is required for system identification. 

Fortunately, linear accelerometers belong to the 
best sensors in an aircraft instrumentation. They 
have a high linearity and resolution with only 
small hysteresis and work in a wide bandwidth 
without significant phase errors. Nevertheless, 
the sensor range should carefully be selected to 
avoid saturation and still to provide a high sig¬ 
nal resolution. 

Helicopter responses due to control inputs arc 
primarily rates (not linear accelerations). There¬ 
fore, the 'useful' signal in the rate measurements 
is still dominant although it is also highly dete¬ 
riorated by the helicopter vibration. Together 
with linear accelerometers, rate gyros have 
reached a high quality and, for the identification, 
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rates certainly belong to the most accurate and 
important measurements. 


7.3 Measurement of rotational accelerations 

Rotational accelerations where only measured in the 
AH-64. For the identification they are useful as they 
provide more high frequency information for the 
determination of the moment equations. Figure 9 
first shows the measured roll and pitch accelerations 
due to a longitudinal control input. The high 
vibration level is obvious. Then, the filtered data 
(digital filter, 12.5 Hz cut-off frequency) are plotted 
together with data that were obtained by differentiat¬ 
ing the measured rates. The agreement is very good 
and proves a high consistency although the measure¬ 
ments still show a higher noise level. It cannot yet 
finally be answered how helpful measured rotational 
accelerations can be for the identification in compar¬ 
ison to differentiated signals obtained from accurately 
measured rates. 


7.4 Measurement of the control inputs 

The influence of data errors on the identification 
results also depends on the applied identification 
technique. Ixast Squares equation error methods 
assume that all variables are accurate whereas more 
complex output error techniques allow measurement 
errors on the response variables. All techniques, 
however, fully rely on accurately measured control 
inputs and, at best, can compensate for noise on the 
measurements. Although it is relatively easy to mea¬ 
sure the control positions, there are two main error 
sources: signal resolution and sensor position. 

The control inputs for system identification purposes 
are usually small to allow a line; -'sed model formu¬ 
lation, whereas the sensors, e.g. potentiometers, nor¬ 
mally measure the full range of the controls. For the 
identification data, it must be made sure that the 
range of interest is sufficiently resolved. 

Control positions are often measured at the pilot 
controls. When they are used in the identification the 
characteristics of the (mechanical) linkage and of the 
hydraulic system have often to be neglected. 
Attempts to model and identify effects like backlash, 
flexibility, hydraulic characteristics lead to highly 
non-linear models and significantly complicate the 
identification. Therefore, it should be tried to meas¬ 
ured the control inputs as close to the rotor a possi¬ 
ble. In any case, the measurement must be related to 
the control input at the blades. When feedback sys¬ 
tems are engaged, the sum of both, the pilot inputs 
and the control system activity, must be measured 
unless both inputs are provided separately. 

For the AH-64, measurements of the hydraulic actu¬ 
ator positions at the main rotor (or tail rotor) 


swashplate were given These locations have the 
advantage of being close to the rotor but still in the 
non-rotating system. 

For the BO 105, stick deflections, collective lever, 
and pedal positions were used. Control linkage effects 
were assumed to be negligible and the hydraulic sys¬ 
tem was supposed to be represented by a time delay 
or time constant on the control measurements. Spe¬ 
cific measurements have shown that these assump¬ 
tions can be justified 

’Ihe SA-330 data base gave control positions 
obtained from three different locations. However, 
except from pilot controls (similar to the BO 105) 
the other data were obtained in the rotating system 
at only one control rod and one blade root. A trans¬ 
formation into the fixed axis system was not given. 
For dynamic tests, it also seems to be necessary to 
include at least three blade control angles to derive 
three controls in the non-rotating system. Therefore, 
the inputs measured at the pilot position were used 
for the identification. 


7.5 Measurement of rotor data 

In the Working Group, emphasis was placed on the 
identification of 6 DOF rigid models. Rotor degrees 
of freedom were not considered and no rotor meas¬ 
urements were provided to the Group. Presently 
there is only minor experience in the identification 
of helicopter models with rotor degrees of freedom 
and any related measurement problems. However, 
from the recent DLR work where blade flapping was 
measured at one position (equivalent hinge) for each 
blade, a few general statements can be made: 

• Blade motions for hingcloss and bcaringlcss 
rotors have to be measured by pairs of strain 
gauges glued on the blades. One of the positions 
should be at the equivalent hinge offset. The 
installation must be done very precisely and 
identical for all blades. It has to be checked that 
coupling influences due to blade lagging or tor¬ 
sion are small and can be neglected. 

• As strain gauge signals have a low voltage level, 
they should be amplified before they are trans¬ 
ferred from the rotor to the body. 

• A main problem is the calibration of the strain 
gauge signals. It should be considered if a static 
calibration is adequate or if a calibration on the 
rotating rotor is necessary. Strain gauge tem¬ 
perature sensitivities and signal drifts must be 
taken into account and compensated. 

• The measurement of the rotor azimuth is often 
done by a short impulse (blip) generated by the 
passage of a selected blade per revolution. In 
particular with lower sampling rates this 
approach can be quite inaccurate and a contin¬ 
uous measurement of the azimuth angle using 
for instance a saw-tooth potentiometer is 
recommended. 
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7.6 Signal filtering 

As some measurements of the helicopter motion are 
very noisy, low-pass filtering is usually applied before 
the data are used for system identification. It must 
be taken into account that analogue filters not only 
reduce the high frequency amplitudes but also influ¬ 
ence the phase characteristics of the measured signal. 
In particular with higher order filters, the phase shifts 
can already be significant at frequencies far below the 
filter cut-off frequency. Considering that the identifi¬ 
cation is based on the amplitude and phase relation¬ 
ship between the individual measurements it is quite 
obvious that filters can strongly deteriorate identifi¬ 
cation results and even render them unusable. 
Therefore, it is absolutely necessary that all measure¬ 
ments are passed through identical filters. This 
requirement is often neglected as it is not so impor¬ 
tant for most data evaluation other than system 
identification. Only when zero-phase shift filters with 
a constant gain of 1.0 in the frequency range of 
interest are applied, it is possible to filter selected 
measurements. Here, digital off-line filters are applied. 

When sensors with integrated (analogue) filters or 
sensor packages (e.g. inertial systems) are used, it is 
essential to know the built-in signal processing. As 
an example Figure 10 compares linear acceleration 
measurements obtained from an 'agility' sensor 
package and from individual accelerometers. The 
package signals do not follow the more dynamic 
manoeuvre part in the data when the control input 
is given. A closer view also showed that there is a 
phase lag between the accelerometer and the package 
data. It indicates that some strong damping or filter¬ 
ing was done in the agility package although the data 
are still very noisy. 

For the identification it was decided to use the indi¬ 
vidually measured linear accelerations. 


7.7 Signal resolution 

For system identification usually only small ampli¬ 
tude control inputs are applied to keep the helicopter 
response so small that linear mode's can be used. 
When the amplification or scaling of the data is based 
on the maximum helicopter response capability, the 
small amplitudes can probably not be resolved satis¬ 
factorily by the data recording system. For the pitch 
and roll attitude response due to lateral and collective 
control inputs Figure 11 demonstrates that the digi¬ 
tization of the vertical gyro signal could only resolve 
about 0.3 degrees per bit. As the tests with controls 
other than collective (e.g. the shown lateral control 
input) produced attitude angles between 20° and 30° 
the resolution errors probably do not affect the iden¬ 
tification results significantly. However, such prob¬ 
lems can usually be avoided when signal amplifi¬ 
cation is based on the expected maximum amplitudes 
of the specific tests. 


7.8 Control input generation 

It is widely agreed that for system identification spe¬ 
cific control inputs should be used to properly excite 
the aircraft modes. Some of the designed input signals 
are quite complex so that they cannot be generated 
by the pilot but require electronic devices. Only the 
AH-64 was equipped with a specially designed Gold 
Oscillator Box (GOB) unit. It commanded sinusoidal 
frequency sweeps in two ranges from 0.1 Hz to 
3 Hz and 0.3 Hz to 13 Hz. For the BO 105 and the 
SA-330 only pilot generated inputs were used. (In the 
BO 105 a relatively simple display was installed. It 
showed the prescribed signal and the actual control 
position.) The input signals used in the Working 
Group, doublet, multistep, and frequency sweep 
could be generated by the pilot without any real dif¬ 
ficulties. It proved that system identification does not 
require an electronic control input device when rigid 
body models have to be identified. It is only needed 
when frequencies exceeding tb* 1 human capability 
(more than 2 Hz to 5 Hz) arc required. 


8. Off-line Data Processing 

The off-line data processing for system identification 
purposes mainly includes: 

• conversion to a consistent unit system, 

• detection and removal of data drop outs, 

• low-pass filtering, 

• corrections for the centre of gravity, and 

• the calculation of additional variables. 

These procedures are standard for flight testing and 
therefore this section will briefly document the off¬ 
line data processing conducted within the Working 
Group and, for completeness, give the applied 
equations. 

A more detailed data analysis for detecting and cor¬ 
recting data deficiencies is considered as a first 
essential task in data evaluation and system identifi¬ 
cation. It will be described in the lecture on Flight 
Te.it Data Quality Evaluation ([2]). 


8,1 Unit system 

The measurements needed for system identification 
were converted tc the International Unit System (SI) 
based on meter, second, kilogram and radian. Control 
displacements were given in percent with 100 percent 
as full travel. 


8.2 Data drop outs 

When data drop outs are restricted to only a few 
samples it can be justified to eliminate these samples 
and reconstruct a new value by interpolation between 
the neighbouring data. Of course, this technique 
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cannot reproduce the lost data. However, it gives a 
more realistic value for the sample instead of keeping 
the drop out data. It is also the only possibility to 
avoid even more data distortion which occurs when 
the uncorrected measurement is filtered. For the data 
in the Working Group only minor work had to be 
done to eliminate drop-outs. 


8.3 Digital low-pass filtering 

Problems associated with analogue filtering have 
already been addressed. Analogue filters significantly 
influence the phase where this effect increases with 
higher filter order. As identification results are very 
sensitive to phase errors it should be tried to reduce 
analogue filtering as much as possible. Here, high 
sampling rates make it possible to use anti-aliasing 
filters with a high cut-off frequency. When, in addi¬ 
tion, these filters have the same characteristics, their 
influence in the frequency range of interest is small 
and similar. Then, zero-phase shift digital filtering can 
be applied to 

1. eliminate the unwanted higher frequency effects 
and noise, and 

2. to reduce the sampling rate. 

'lliis approach was consequently used for the meas¬ 
urement of the BO 105 data, where almost all ana¬ 
logue filters where removed. Comparisons of the 
obtained data to pievious flight test measurements 
with strong analogue low-pass filtering clearly showed 
the data quality improvements. 

The efficiency of digital filters has already been show 
in Figure 8. 


8.4 Calculation of speed components at the sen¬ 
sor position 

Using the measured airspeed, angle of attack and 
angle of sideslip (V, <*,/?), the longitudinal, lateral, 
and normal speed components at the sensor position 
(boom) were calculated by 


u b = V • cos a ■ COS P 

(4) 

v b = V . sin p 

(5) 

w b = V • sin a ■ cos p 

(6) 


8,5 Correction for CG Position 

In contrast to data obtained from rate and attitude 
gyros, the measurements of linear accelerations and 
aerodynamic data are influenced by the distance 
between the sensor position and the helicopter centre 
of gravity (CG) Ideally, these sensors should be 
installed at the CG. Linear accelerometer locations 
can at least be close to the CG. Air data sensors, 
however, are usually installed far in front of the air¬ 
craft. During dynamic flight tests the measured sig¬ 


nals also contain acceleration or speed components 
due to the helicopter angular motion. Mathematical 
models as used for system identification always 
describe the forces and moments with respect to the 
CG. There are two different approaches to handle the 
influence of the CG location on the measurements: 

1. the measurements are corrected for CG posi¬ 
tion, or 

2. in the measurement equations the model 
response is transformed to the individual sensor 
location. 

In the Working Group the first approach was chosen. 


With the sensor locations in 

x-dircction (positive forward): x m 

y-direction (positive to the right): y m 

z-direction (positive downward): z m 

the speed components at the CG (u^, v tt , w t ,) are 

obtained as 

u cg = u b-z m -q + y m -r ( 7 ) 

v C g = Vb — x m • r *f z m * p (8) 

w cg = w b-ym-P + I( m-q (9) 


where u b , v b , and w b are the. speed components mea¬ 
sured at the sensor position (see equations (4) to 
(6)). 

For the corrections of the linear acceleration meas¬ 
urements the rotational accelerations (p, q, r) are 
needed. When no measurements are available, difft 
entiated rates arc used. Then, the linear accelerations 
at the CG are: 


a xcg “ a x z m ' ft "F ym ' r 


-(ym-p-*m-q)-q 

(10) 



a ycg = a y “ z m ' t d- Z m ■ p 


- ( z m • q - ym • r ) • r 

(11) 

+ (y m -P-*m-<l)-P 


a ?cg ~ a z ~ ym ’ p d* ■ q 


~ ( z m ’ r ~ z m ' P) ' P 

(12) 


■h ( z m ’ ft ~ Yin ' r )' 9 

For the helicopters studied by the Working Group, 
the linear accelerometers were located close to the 
CG. The AII-64, however, was equipped with a sec¬ 
ond accelerometer package installed at the pilot seat 
position with a distance of about 1.50 meters from 
the CG. To demonstrate the influence of the (still 
relatively small) off-CG location, Figure 12 shows 
for a tail rotor input 

1. the uncorrectcd and the CG corrected longi¬ 
tudinal accelerations obtained from the pilot 
seat sensor, 

2. the uncorrected and the CG corrected lateral 
accelerations obtained from the pilot seat sen¬ 
sor, 
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3. the CG corrected lateral acceleration obtained 
from the pilot seat sensor and the lateral accel¬ 
eration obtained from the CG accelerometer 
package. 

Considering that the helicopter response to a pedal 
input is primarily a yaw motion, it makes sense that 
the longitudinal acceleration is not much influenced 
by the CG distance. The lateral acceleration however 
clearly shows differences. The improvement obtained 
from the signal correction becomes evident in the last 
part of the figure where the sinals obtained from the 
different sensors are in good agreement. 


8.6 Calculation of the tip path plane motion 
from flapping measurements 


For the identification of extended models with rotor 
degrees of freedom, the rotor tip path plane motion 
is modeled in a body-fixed axis system. As the rotor 
data are measured in the rotating system, they first 
have to be transformed. For the flapping measure¬ 
ments the corresponding equations to derive rotor 
coning, longitudinal flapping, and lateral flapping are 
given below. In practice, the blades are usually 
marked by coloured tape. Therefore, the following 
notations for the flapping angles p of the individual 
blades will refer to the blade colours blue, green, yel¬ 
low, and red. 

Coning /? 0 : 


P 0 = 0.25 • {P blue + P grem + Py e u ow + P red ) ( 13) 


Longitudinal flapping /)<: 


Pc ~ 0.5 • 


Pblue ■ c0! # + 0 0 ' *) + 

Pgreen *COS(f + 0.5 ■ 7t) + 

Pyellow ■ COt# + 1-0-*) + 

Pred' «># + 1-5 ■«) 


(14) 


9. Conclusions 

So far as the availability of measurements is con¬ 
cerned it was seen that the instrumentation systems 
of the three helicopters provided more signals than 
usually needed for system identification. The flight 
tests have also shown that no specific instrumenta¬ 
tion, like electronic control input boxes, is required 
To generate reliable and useful data seems to be more 
a task of properly defined measurement ranges, care¬ 
ful data processing, and of course the flight testing 
itself. In conclusion some main guidelines can be 
given: 

1. Control inputs can be generated by the pilot. 
Some training and if possible a display type 
device are helpful. Electronically generated 
inputs with a direct link to the control are not 
necessary unless high frequencies are needed, 

2. If possible, the sensors should have a measuring 
range that is suitable for the expected signal 
amplitudes, 

3. If analogue filtering of signals is applied it is 
important that all signals used for the identifi¬ 
cation are filtered and the filters have identical 
characteristics, 

4. 'llie signal digitization range should be defined 
by the maximum signal amplitudes in the tests 
to obtain a good signal resolution, 

5. Standard data processing steps, like removal of 
drop outs, digital low-pass filtering, CG cor¬ 
rection, etc., are applicable and adequate. 

The measurement of rotor data was addressed. The 
presently available data from the hingeless BO 105 
rotor seemed to be reliable and indicated that such 
measurements can be generated in a quality suitable 
for system identification purposes. 


Lateral flapping /?,: 


Ps = 0.5- 


Pblue ■ sit# + 0 0 • n) + 

Pgreen ‘ + 0.5 ■ rr) + 

Pyellow ■ MnWr + L0-7t) + 
Pred-Mt* I - 5 •«) 


(15) 


P blul 

Flapping angle, blue blade 

^=0 

Plum 

Flapping angle, green blade 

ip = 0.5a 

Pytllow 

Flapping angle, yellow blade 

iP = l.Orr 

pr,j 

Flapping angle, red blade 

ip = 1.5ir 

* 

rotor azimuth angle 



(the rotor azimuth angle ipis defined to be zero 
when the blue blade aligns with the tail boom). 
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Measured Variable 

AH-64 

BO 105 

SA-330 

Main rotor longitudinal cyclic 

actuator 

stick 

stick 

Main rotor lateral cyclic 

actuator 

stick 

stick 

Main rotor collective 

actuator 

collective lever 

collective lever 

Tail rotor collective 

actuator 

pedal 

pedal 


Table 1. Measurement of control variables 


Measured Variable 

AH-64 

BO 105 

SA-330 

Airspeed 




Longitudinal airspeed 


HADS** 


Lateral airspeed 


HADS** 


Vertical airspeed 


HADS** 


Total airspeed 

pressure sensor 
at noseboom 


pressure sensor 
at noseboom 

Angle of attack 

vane at noseboom 


vane at noseboom 

Angle of sideslip 

vane at noseboom 


vane at noseboom 

Groundspccd 




Longitudinal groundspeed 

doppler radar 



Lateral groundspeed 

doppler radar 



Vertical groundspeed 

HARS* 



Linear accelerations 




Longitudinal acceleration 

accelerometers at 

CG and pilot's seat 

accelerometer at CG 

accelerometer at CG, 
agility package 

lateral acceleration 

accelerometers at 

CG and pilot's scat 

accelerometer at CG 

accelerometer at CG, 
agility package 

Vertical acceleration 

accelerometers at 

CG and pilot's seat 

accelerometer at CG 

accelerometer at CG, 
agility package 


* MARS : Heading Attitude Reference System 
** HADS : Helicopter Air Data System 

Table 2. Measurement of speed variables and linear accelerations 







Measured Variable 

AH-64 

BO 105 

SA-330 

Rates 




Roll rate 

HARS* and derived 
from roll angle (Euler) 

rate gyro 

rate gyro and 
agility package 

Pitch rate 

HARS* and derived 
from roll angle (Euler) 

rate gyro 

rate gyro and 
agility package 

Yaw rate 

HARS* and derived 
from yaw angle (Euler) 

rate gyro 

rate gyro and 
agility package 

Attitude angles 




Roll angle 

HARS* 

vertical gyro 

vertical gyro and 
agility package 

Pitch angle 

HARS* 

vertical gyro 

vertical gyro and 
agility package 

Yaw angle (heading) 

HARS* 

directional gyro 

directional gyro and 
agility package 

Angular accelerations 




Roll acceleration 

angular accelerometer 



Pitch acceleration 

angular accelerometer 



Yaw acceleration 

angular accelerometer 




* HARS : Heading Attitude Reference System 


Table 3. Measurement of rates, attitude angles, and rotational accelerations 
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Figure 5. Measured rotor azimuth and blade flapping for a collective input 



Figure 6. Tip patli plane response, derived from blade flapping measurements 
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Figure 9. Measured AH-64 unfiltered and filtered rotational accelerations and com¬ 
parison with differentiated rates 
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Figure 11. Resolution of the pitch and roll attitude measurements (AH-64) 
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Figure 12. CG correction of linear accelerometer measurements (AH-64) 
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1 Introduction 

The quality of the measurement data determines the 
quality of the parameter identification results. There¬ 
fore it is of the utmost importance to insure the data 
quality before any attempt at identification is made. 
In principle the best time to perform data quality 
checks is in dedicated tests before or during the ac¬ 
tual flight tests: in the instrumentation laboratory, 
on the flight line and during instrumentation check¬ 
out flights. Accurate determination of each individual 
error effect can also be done best in a dedicated test. 
These tests are ideally performed with a computer on¬ 
line in the aircraft to reduce the loss of time and the 
cost of flight tests with inaccurate measurements. 

The evaluation of the data quality from existing 
flight test data, as was the case for the Working 
Group, is generally much more difficult. But it is still 
very important to do this evaluation for the following 
reasons: 

1. A particular measurement channel may deterio¬ 
rate or fail during the course of a flight test pro¬ 
gram. 

2. A specific error effect may only be present during 
actual flight tests, such as static pressure distor¬ 
tions in dynamic flight conditions. These effects 
can only be determined from the flight tests. 

For the members of the Working Group there were two 
extra reasons to spend a considerable amount of time 
on the data quality. The first reason is that the data 
recordings were made by another institute. Within 
one institute, one is familiar with the verification pro¬ 
cedures in use by the instrumentation department and 
one knows how far they can be relied on and when 
caution is needed. 

A more important reason is the fact that the evalu¬ 
ation of the data quality also gives a good feel for the 
data contents. It gives a first indication of the actual 
accuracy of the measurements and it can clear up mis¬ 
understandings in the definition of measured variables 
(e.g. sign conventions). 

Apart from complete failure, which is often (but not 
always!) easy to spot there are a number of errors that 
can occur: 


1. Sensing: the transducer may not sense the desired 
quantity directly, for example a static pressure 
may be distorted by the flow around the aircraft. 

2. Transducer: change in bias, sensitivity, range, 
change in sensitive axis (misalignment), hystere¬ 
sis, output noise, spikes. Sensitivity to tempera¬ 
ture, vibration or electromagnetic radiation. 

3. Data aquisition system: changes in offset, gain 
and range in the analog components, such as 
amplifiers, pre-sample filters and A/D convert¬ 
ers. Change in filter characteristics of the pre¬ 
sample filters. Bit errors in the recording chain 
(dropouts). Time shifts and other phase errors. 

Because of the large number of possible error sources, 
an intimate knowledge with the characteristics of the 
instrumentation system is absolutely necessary for 
succesful correction of data errors. 

2 Techniques 

2.1 Data inspection 

Visual inspection of dataplots is an important first 
step in the evaluation of data quality. The mea¬ 
surements can be scrutinized for obvious errors such 
as wrong signs, excessive measurement noise, data 
dropouts, spikes and missing (or even exchanged!) 
data channels. 

In addition frequency domain techniques can be 
very useful for data quality evaluation. Examples are: 

1. Time shift of a signal can be determined by exam¬ 
ining the slope of the phase response of the signal 
with respect to a reference. This method is very 
sensitive, but it is most useful in ground checks, 
because it may be difficult to find a suitable ref¬ 
erence measurement in flight. Time domain mod¬ 
elling can also be used to determine time shift. 

2. Initial checks of compatibility between variables 
may be quickly performed in the frequency do¬ 
main. For instance it can be verified that that 
q/9 has a 1/s frequency response characteristic. 
Sign errors are also easily detected by inspecting 
the phase response. 
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3. The coherence function can be used to ensure that 
both input and output signals have low noise con¬ 
tents and are well correlated with each other. 

4. The noise spectrum can give an indication of the 
correct functioning of a transducer (channel). Ex¬ 
cessive noise (perhaps in part of the frequency 
spectrum) can give an indication of malfunction 
in sensing, transducer or data acquisition. For 
example discrete frequencies in a gyroscope sig¬ 
nal could indicate a bearing failure, noise spikes 
could be a vibration problem or faulty wiring or 
connectors. Noise analysis also gives vital infor¬ 
mation for the design of data processing filters, 
which remove the measurement noise and allow 
the sampling rate to be reduced. 

This may also be a good place to warn for the ef¬ 
fect of pre-sample filtering. If a failing transducer has 
high-frequency noise or sudden steps in its output, the 
pre-sample filters will transform the signals in smooth 
signals, thus masking the problem. In normal opera¬ 
tion pre-sample filters are essential to prevent aliasing 
errors, but it may be a good idea to record the un¬ 
filtered signals as an instrumentation test. Another 
important point is the negative effect of phase errors 
in the analogue filters on the parameter identification. 
Some authors even recommend dispensing with anti¬ 
aliasing filters altogether. 

If recording techniques permit it, it is therefore rec¬ 
ommended to use the highest possible sampling rates 
(and pre-sample filter bandwidths) and to reduce the 
sample rate in the analysis by linear-phase digital fil¬ 
tering in the ground processing. This has the added 
advantage of allowing a more considered choice of sam¬ 
pling rate in the data analysis. 

2.2 Compatibility checking 

2.2.1 Introduction 

Any redundancy in the measured variables can be ex¬ 
ploited to verify the data quality. There are a large 
number of techniques in use for the purpose of data 
quality evaluation. In fact everyone has his own pri¬ 
vate tricks. 

The measurement of a single variable by two differ¬ 
ent transducers is a simple example: 

1. If the transducers are of the same type, the out¬ 
puts of the two measurement channels can be 
compared to find discrepancies in sensing, trans¬ 
ducer or data acquisition. 

2. If the two transducers are of a different type, the 
characteristic errors will be different. This differ¬ 
ence can be used to determine if one of the signals 
is wrong. 

3. Even if one transducer is much better than the 
other, a comparison is still very useful, if only 
to show that the ’’better” transducer has failed 
completely. 


In practice it is rare that two redundant transducers 
are used, but it is not uncommon to have a standard 
aircraft instrument as well as a flight test instrumen¬ 
tation sensor. In this case it is strongly recommended 
to record the aircraft instrument output as well. The 
disadvantage is not so much the extra data channel 
to be wired in the aircraft, but rather the extra ef¬ 
fort needed to calibrate and evaluate the aircraft in¬ 
strument, which is necessary to allow its use for data 
quality checks. 

Redundant information can also be used in a com¬ 
plementary filter approach, e.g. rate gyro data is used 
for the low frequency range and angular accelerometer 
data is used for the higher frequency range (this is just 
a special case of the state estimation techniques de¬ 
scribed below). It is very important that undesirable 
error characteristics, such as hysteresis, nonlinearities 
or spurious responses, do not destroy the quality of the 
overall result. In the example given, rate accelerome¬ 
ters tend to have these undesirable error characteris¬ 
tics. 

2.2.2 Kinematic compatibility checking 

A special case of compatibility checking is Kinematic 
Compatibility checking. Here the kinematic relation¬ 
ships that exist between the different measured vari¬ 
ables are used. The procedure can be applied in many 
forms: from the simple comparison between two sig¬ 
nals to the complete six-degree-of-freedom flight path 
reconstruction. The procedure is also called Kine¬ 
matic Consistency checking or Flight Path Recon¬ 
struction. The chosen name reflects whether the pro¬ 
cedure is seen as an independent check or as an inte¬ 
gral part of the processing (see Section 3). Descrip¬ 
tions can be found in Gerlach [1] and Wingrove [2]. 
Klein [3] seems to have introduced the term compati¬ 
bility checking. The following set of equations describe 
the six-degrefr-of-freedom kinematic equations: 

u = (o, — g sin 9) — qw + rv 
v — (oy + g cos 6 sin <f>) — ru + pw 
th = 4* g cos 9 cos ^) — pv + qu 

4 — P + (gsin0 + rcos^)tan0 
9 = - rsin^) 

= (gsind> + rcos^)/cos0 
ig = u cos 9 cos ip + u(sin $ sin 9 cos —- cos $ sin yf) 
+ u»(cos <p sin 9 cos ij> + sin sin i>) + u w 
Vi = uco8 08inV> + t>(8in<£sin0sinti’ + cos^cosV>) 
+ uj(cos $ sin 9 sin ^ — sin <)i cos V>) + v a 
h = usinfi — uain^co60 — wconj>coa$ — tv w 

Inputs: 



random 

inertial 

errors 


random 

measurement 

errors 
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Figure 1.. Basic instrumentation error model 
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Error Model for Outputs: 
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In practice these equations must be extended with 
terms describing the navigation over a spherical and 
rotating earth. Linearizing these equations leads to 
the basic block diagram as shown in Figure 1. The 
errors in the velocities u, v, w, the attitude angles <t>, 9, 
ip and the position in earth axes are the components of 
the state. The errors in the inertial measurements a r , 
a y< a i> P> ?> r are treated not as observations, but as 
inputs to the error model. In addition the wind speed 
components u w , v w and w m are included as inputs to 
the model. The idea is that the errors in the input 
signals drive the error state. 

In principle any measurement which depends on the 
state vector can appear in the observation equation, 
for example air speed or doppler velocity, pressure or 
radio altitude, angle of attack or angle of sideslip, lati¬ 
tude and longitude from Inertial Navigation Systems, 
VOR/DME or the Global Positioning System. The 
error in the measurements, whether in the input or in 
the observation vector, c in be modelled as bias ( b ), 
scale factor error (A), time shift (r) and white, gaus- 
sian random noise (n). If this random noise is not 



white and gaussian it may be necessary to extend the 
state with a model of the noise characteristics. 

With modern inertial sensors the measurement er¬ 
rors are very small. As a consequence the variations in 
the wind components during a recording become the 
dominant error source. This makes it possible as well 
as desirable to estimate these wind variations. The 
estimation of the absolute wind components requires 
the presence of absolute position or velocity references 
of reasonable accuracy, e.g. from an INS, VOR/DME 
or GPS. However, it should be noted that in general 
only the variations in the wind speed components are 
of interest for flight mechanics, because constant wind 
components only affect the error in the absolute ve¬ 
locities in earth-fixed coordinates. This means that 
absolute position references are not strictly required, 
although they can be of great use. 

One simple way of modelling the wind variations 
that works very well in practice describes the wind 
variation as a linear trend in time and as proportional 
to attitude. A more sophisticated description may use 
a colored gaussian noise model, but such a wind model 
will have to depend on the weather conditions. 

The estimation of wind components is an example 
of the use of estimation procedures to reconstruct an 


unmeasured state component. Another practical ex¬ 
ample is the estimation of the angle of attack in the 
case that no direct measurement is available or the 
direct measurement is unusable. See Section 3 for fur¬ 
ther discussion on how the reconstructed state should 
be used. 

Tt is in general not possible to identify the large 
number of parameters in the described error models, 
because the basic observability and identifiability the- 
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ory is applicable here. If too many error components 
are included the standard deviations of the estimates 
increase rapidly and the correlation coefficients ap¬ 
proach one. The degree of correlation is also depen¬ 
dent on the type of and shape of the manoeuvre, so it 
is feasible to perform specially designed manoeuvres 
for the purpose of identifying the error components, 
but these manoeuvres will not necessarily be optimal 
for parameter identification. It may be more fruitful 
to combine several different manoeuvres in a multi¬ 
manoeuvre analysis and then estimate an error model 
which is valid for all the recordings (again see Sec¬ 
tion 3). 

A simple example of compatibility checking is the 
comparison of a rate gyroscope and an attitude gy¬ 
roscope. The rate signal can be integrated and com¬ 
pared with the attitude signal. Error models for each 
of the two types of gyroscopes can be defined, e.g. 
bias and time shift for the rate gyroscope and linear 
drift and time shift for the attitude gyroscope. The 
difference between the signals can then be attributed 
to various errors sources and the parameters of the 
error model can be estimated using parameter identi¬ 
fication. 

Even this simple example already points out a com¬ 
mon problem, i.e. the bias of the rate gyroscope has 
exactly the same effect as the linear drift of the atti¬ 
tude gyroscope and the same is true for time shifts. 
This means that the errors in the different measure¬ 
ments must have different characteristics in order to 
be useful for compatibility checking. If it could be as¬ 
sumed that the attitude gyroscope has negligible drift 
and the rate gyroscope has a negligible (or perhaps 
known) time shift, then rate gyro bias and the time 
shift of the attitude gyro can be put in the error model 
and values for these parameters can be found. But in 
general these assumptions are difficult to make and 
need the advice of the instrumentation department. 

The bias in the rate gyro will always have the same 
effect, a linear increase of the error with time. But a 
scale factor error, e.g. in the attitude measurement, 
will only be noticeable if larger excursions are present. 
Even in the case of large excursions, the estimate of 
bias and scale factor may be highly correlated, e.g. 
when the attitude angle happens to increases linearly 
with time. This demonstrates the dependence of iden- 
tifiability on the manoeuvre shape. 

As a fined example in manoeuvres that do not devi¬ 
ate too much from level flight the following simplified 
equation is valid: 

tii = q.u -(- a. 

This shows that the effect of a bias in the normal ac¬ 
celeration a, on w (angle of attack) is almost equiv¬ 
alent to the effect of a bias in the pitch rate signal 
q. In the estimation procedure this will show up as a 
high correlation between the estimates of the two er¬ 
ror parameters. An independent measurement of the 
attitude angle would of course solve this simple prob¬ 
lem. 


In the actual practice of flight testing all these prob¬ 
lems are present at the same time and are conse¬ 
quently much more difficult to detect. 

2.2.3 Solution techniques 

The formulated problem can be solved by a number of 
different methods. For more detailed descriptions see 
Maine [4] or Mulder [5]. In principle no one method 
is theoretically superior, because all estimators can 
be shown to be Maximum Likelihood estimators for a 
specific choice of error model. In other words the as¬ 
sumed error model determines which solution method 
applies. The techniques used by the Working Group 
are: 

Weighted Least-Squares (WLS): This method 
solves the case where the random error is in the 
inputs (so-called state noise). It is a very simple 
and efficient procedure. 

Extended Kalman Filter/Smoother (EKSF): 
A standard Kalman filter estimates the state of 
a linear system with an error model which allows 
noise in the inputs (state noise) as well noise in 
the observations. The Kalman algorithm is a re¬ 
cursive formula, which proceeds sequentially (fil¬ 
ters) through the data. For a fixed time inter¬ 
val a substantial improvement in accuracy can be 
obtained by adding a smoothing step in the re¬ 
verse time direction. Nonlinear kinematic equa¬ 
tions are handled by linearizing around a nomi¬ 
nal trajectory (usually the current best estimate 
of the trajectory is used) and bias and scale fac¬ 
tors can be estimated by including them as un¬ 
driven states with unknown initial condition, see 
Jonkers [6]. The EKSF is more expensive than 
the WLS method, but cheaper than the OE or 
FE methods. Because of the recursive formula¬ 
tion the computer memory requirements are also 
modest. The disadvantage is that is is not easy to 
include arbitrary error components into the error 
model. 

Output Error (OE): This method applies in the 
case where all errors are in the observations, i.e. 
there is no state noise. In principle the method 
compares a simulation of the actual system with 
the measurements, while integrating the sensitiv¬ 
ity functions, which describe the influence of the 
model parameters on the state. After one simula¬ 
tion run, a Gauss-Newton optimization is used to 
find new estimates of the model parameters. In 
practice this process has to be repeal ed for several 
itere.tions, which makes this method expensive in 
computer time. In addition the sensitivity ma¬ 
trix can be of large dimension, which adds to the 
computer memory requirements. The advantage 
of the OE method is that it is very easy to incor¬ 
porate parameters in the error model. The incor¬ 
poration of nonlinear models in the OE method 
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can be handled by deriving the sensitivity equa¬ 
tions analytically by hand, but this makes it cum¬ 
bersome to change the error models. Numerical 
calculation of the sensitivities is a better solu¬ 
tion here and results in very flexible software pro¬ 
grams. 

Filter Error (FE): This method solves the most 
general problem formulation, i.e. with state noise 
and observation noise. In principle it is a combi¬ 
nation of a Kalman Filter in an Output Error pa¬ 
rameter identification iteration. The FE method 
is the most expensive in computer time and the 
most complex to use and therefore is seldomly 
used for compatibilty checking. 

Of course it is not always possible or even necessary 
to use the complete error model. Omitting error com¬ 
ponents or observations which are not important can 
reduce the problem formulation considerably, but the 
same solution techniques still apply. For example it 
could be assumed that the air data measurements do 
not give useful information on the estimatic n of the 
attitude errors. This might be true if very accurate at¬ 
titude angle measurements are available. In this case 
the estimation of attitude and velocity error compo¬ 
nents can be performed seperately, saving much com¬ 
puter time. 

3 Use of error corrections 

After all error corrections have been determined as far 
as possible, the question remains what to do with this 
information. There are two extreme philosophies: 

1. The identified error components are put in an er¬ 
ror model, which is added to the aerodynamic 
model. The parameter identification procedure 
is then performed on the combined model, using 
the original measured variables as observations. 
The values of the errors components determined 
by compatibility checking are sometimes used as 
initial conditions. 

2. All error corrections are applied to the measured 
variables and the parameter identification proce¬ 
dure is performed on the corrected variables. 

The first procedure has the advantage that the param¬ 
eter identification results are a true Maximum Likeli¬ 
hood estimate of the complete problem, in other words 
the solution is theoretically optimal. In the second 
procedure is the parameter identification is much sim¬ 
pler due to the smaller model. In fact if all measure¬ 
ment errors are corrected (and the complete state can 
be reconstructed), the Maximum Likelihood estimator 
reduces to a simple Equation Error estimator. 

In practice a compromise between the two ap¬ 
proaches is always made: for some error components 
it cannot be expected that better values can be found 
by including these in the PI model and the cc erected 
instead of the original measurements are used. For 


other error components it can be expected that the 
combined PI will yield the best values. It is not pos¬ 
sible to give a clearcut recommendation which error 
component should be included and which should not 
be, the final choice must always depend on the judge¬ 
ment of the analyst. 

Finally the instrumentation department should al¬ 
ways be asked to verify the estimated instrument er¬ 
rors. It may turn out that an error which seems to 
have been succesfully modelled in one way, should be 
actually attributed to an entirely different error source 
which happens to have the same effect. 

When a large number of manoeuvres are conducted 
in a particular flight and in one flight condition, the 
error model identified for each of the manoeuvres 
should ideally be the same. This makes good physical 
sense since the calibration of the instrumentation will 
change very little during one particular flight. Fail¬ 
ure of a sensor or other instrumentation components 
during the flight would, of course, be an exception. 

This suggests that when a sufficient number of 
recordings are available, mean values of the biases 
and scale factors should be used as corrections for the 
whole flight. Simple statistical analysis can be per¬ 
formed to establish if the sample is large enough so 
that statistically significant values can be determined. 

If only some of the estimated error components are 
significant, it may be necessary to reduce the size of 
the error model until only significant parameters re¬ 
main. 

4 Data compatibility tools in 
use at the institutes 

4.1 ARL 

Compatibility checking of helicopter flight data at 
APL is based on the full nonlinear six-degrees of free¬ 
dom kinematic equations, supplemented if necessary 
by the three equations describing the aircraft position 
in earth axes. The accelerometer and gyro measure¬ 
ments are regarded as inputs and are assumed to be 
subject to systematic bias and scale factor errors. For 
more details see Evans [7] and Feik (8). Two solu¬ 
tion methods are in use. The first method is a Maxi¬ 
mum Likelihood estimator (ML), which is a very flex¬ 
ible program that easily allows different combinations 
of observed outputs, alternative problem formulations 
and error models. The sensitivity matrix is calculated 
numerically, which makes the estimation of parame¬ 
ters in general non-linear systems possible, including 
systems with discontinuities and time shifts, see Black- 
well [9]. The second method is an Extended Kalman 
Filter (EKF) which models random errors in the in¬ 
ertial instruments, but allows a more restricted set of 
outputs. 
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4.2 US Army 

The US Army uses the program Smoothing for Air¬ 
craft Kinematics (SMACK) for consistency analysis, 
see Bach [10] [11]. This program solves the full non¬ 
linear, aix-degree-of-freedom aircraft kinematic equa¬ 
tions and estimates time-varying winds, states and 
measurements. In the process measurement biases 
and scale factors are identified. 

The very general problem formulation of SMACK is 
presented in a block diagram form in Figure 2. Here, 
the position in earth axes x, y, z and their first and 
second derivatives, the euler angles <j>, 9 and tp and 
their first and second derivatives and (optionally) the 
wind velocities in earth coordinates ui«, w y and w, are 
components of the state. In the measurement model 
the state components are transformed to radio range, 
bearing and elevation (V), airspeed and flow angles 
(A), body accelerations (£), windspeed and direction 
(W), body angular rates (H) and angular accelera¬ 
tions ( Z ). All these variables can be treated as mea¬ 
surements, estimates or both. The higher derivative 
forcing functions Sx, Sy, Sh, SI, Sm, Sn, g z , g y , g k are 
calculated during the estimation procedure so as to 
minimize the chosen performance measure. 

The program is based on a zero phase-shift back¬ 
ward information filter and forward smoother algo¬ 
rithm which produces a zero phase shifted output es¬ 
timates with a cutoff frequency which is one tenth 
of the sample rate. The solution is iterative, provid¬ 
ing improved state and measurement estimates until 
a minimum squared-error is achieved. 

In the US Army procedure a 3-DOF check of the 
attitude angles is conducted first. Then, the iden¬ 
tified angular error parameters and their covariances 
are used as start-up values in an overall 6-DOF check. 
The error model is then refined by iteration until only 
statistically significant biases and scale factors remain 
(see Kaletka [12]. 

4.3 DLR 

DLR uses a Maximum Likelihood program for the pur¬ 
pose of flight path reconstruction. The full nonlinear 
six-degrees of freedom kinematic equations are used. 
The sensitivity matrix is also calculated numerically, 
see Plaetschke [13] and Jategaonkar [14]. 

4.4 Georgia Institute of Technology 

The integrated rate signals were compared with the 
attitude angles to identify the inertial errors. 

4.5 MDHC 

The bias and scale factor of the angular accelera¬ 
tions were determined using a least-squares procedi'' 
which minimized the difference between the integrated 
angular accelerations and the body rates. A Kalman 
filter/smoother was also applied to insure data consis¬ 


tency, to reduce the effect of measurement noise on the 
state estimates and to estimate unmeasured states. 

4.6 NLR 

In the past the standard identification procedure at 
NLR used an extended Kalman filer/smoother to re¬ 
construct the complete state of the aircraft based on 
an optimal combination of inertial and air data mev 
surements. The accelerometer and gyro errors were 
modelled as state noise, the bias in these instruments 
were modelled as extra states, and pressure altitude, 
airspeed and sideslip angle errors were modelled as 
observation noise, see Breeman [15]. In recent years 
NLR employed highly accurate inertial systems for all 
its flight tests. Therefore the current flight path recon¬ 
struction program is based on a model that includes 
a variations in the wind components with time and 
altitude and errors in the air data sensors, but no er¬ 
rors at all in the inertial sensors. In the parameter 
identification phase the smoothed time histories are 
then used in a linear regression program. Because the 
helicopter data provided did not include either of the 
above combinations of accurate measurements, NLR 
used its output error program for compatibility check¬ 
ing. This program uses nonlinear kinematic equations 
and allows estimating biases in accelerometers and gy¬ 
ros. 

4.7 University of Glasgow 

The frequency domain parameter identification tech¬ 
niques used were not sensitive to bias errors, so that 
compatibilty checking before parameter identification 
was not necessary. However, bias estimation was per¬ 
formed for the verification runs. 

4.8 NAE/University of Toronto 

The compatibility checking procedure uses the full set 
of kinematic equations of motion. As a first step a 
least-square fit procedure is used to determine gyro 
and attitude biases and then the reconstructed atti¬ 
tudes and rates are used to determine accelerometer 
and velocity biases. The reconstructed state is nor¬ 
mally used in the following parameter identification. 

4.9 RAE 

Data compatibility checking is a standard procedure 
at RAE, where it is a part of the Parameter Estimation 
Package (PEP). In the preliminary data interpreta¬ 
tion phase the KINECON program performs this task. 
The aim is to find likely calibration errors, such as bias 
errors. Bias estimates can be derived using a weighted 
least squares output-error algorithm. In a later stage 
of the processing filtered or smoothed estimates from 
the measurements and reconstructions of unmeasured 
states are computed using an extended Kalman filter 
algorithm. The program DEKFIS (Discrete Extended 
Kalman Filter/Smoother typically uses measurements 



4-7 


from rate and attitude gyros, accelerometers and air¬ 
speed probe and incidence vanes and has the option 
to revise calibration factors. 

4.10 CERT 

For flight path reconstruction CERT applies the same 
Output Error program as used for identification, see 
Gimonet [16]. The full six-degree-of-freedom nonlin¬ 
ear kinematic equations are used and the locations of 
the sensors are taken into account. Nonlinear kine¬ 
matic terms are dealt with in the calculation of the 
sensitivities. Inertial sensors are treated as inputs and 
air data and attitude angles are the observations. Bias 
and scale factor of all measurements are included in 
the error model, but time delays are estimated manu¬ 
ally after the first identification results. 

5 Conclusions 

It can be concluded that data quality evaluation is 
a necessary step in the process leading to succesful 
parameter identification. However, the final test of 
the validity of this procedure lies in the quality of the 
parameter identification results. 
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5.1 Introduction 

This section presents an overview of rotorcraft system 
identification techniques used by WG 18. More thorough 
coverage of the general system identification field, 
including extensive treatment of the theoretical basis of 
the various techniques, is found in a number of excellent 
textbooks (Ljung, 1987 [5.1]); Sodcrstrom ct al, 1989 
[5.2], Bendat et al., 1986 [5.3]) and reference publications 
(Maine ct al, 1986 [5.4]; Klein, 1980 [5.5]; Tischler, 
1987 [5.6]. 

This section first considers the selection of model 
structure. Here, special emphasis is given to ensuring 
that the model structure is appropriate to the intended 
model application. For example, simple decoupled first- 
order models that characterize the helicopter dynamics 
over a limited frequency range may be suitable for 
handling-qualities applications, while coupled 6-DoF 
models suitable for a broader range are needed for piloted 
simulation. At the other end of the complexity spectrum 
are models needed for use in advanced high-bandwidth 
rotorcraft flight control system design that must consider 
the coupled fusclage/rotor/airmass dynamics. Both non- 
parametric model structures (frequency-responses) and 
parametric model structures (transfer functions and state- 
space equations) are considered in the two sections dealing 
with Identification Techniques. 

The next step in the identification problem definition is 
the formulation of the criterion or "cost" function. The 
simplest formulation, referred to as "equation-error" is 
valid when the measurement noise is small relative to 
process noise. This assumption, while often not suitable 
for the high measurement noise environment of the 
rotorcraft, has the advantage of resulting in a cost 
function that is linear in the unknown parameters. This 
leads to the simple and rapidly-implemented least-squares 
(step-wise) regression techniques for identification. A 
more complex formulation, referred to as "output-error" is 
valid when process noise is small relative to 
measurement noise — a better assumption for rotorcraft 
data. Output-error techniques are more mathematically 
complex than equation-error techniques, and also require 
more sophisticated nonlinear search algorithms to 
determine the unknown parameters. A third approach to 
the cost function formulation is based on the use of 
frequency-responses. This approach requires much more 
preprocessing of the flight data, but has the advantage of 
being valid in the presence of both measurement and 
process noise. Also, the frequency-response formulation 


allows for the consideration of the differing frequency 
content of the state variables. It is discussed in the next 
section of this report. 

Once the model structure and cost function have been 
defined, the model is identified from the input/output 
time-history data using cither time-domain or frequency- 
domain methods. Each method contains at its core a 
sophisticated search method to find the set of parameter 
values that provides the best fit according to the adopted 
cost function. Again, the choice of methods depends on 
the application, the formulation of the cost function 
(frequency-response methods are completed in the 
frequency-domain), the familiarity of the analyst with the 
methods, and finally the availability of computational 
tools. For example, the extraction of nonlinear models or 
identification from flight data with distinctly non- 
symmetric wave forms is best completed in the time- 
domain. On the other hand, when the model structure 
includes widely separated dynamic modes (such as low- 
frequency rigid body dynamics and high frequency rotor 
dynamics) or when highly unstable modes are present, the 
identification in the frequency-domain has some distinct 
advantages. Both time-domain and frequency-domain 
methods were extensively used by WG 18. 

The final step in system identification is referred to as 
"model verification." Here the extracted model is driven 
with flight data not. 'cd in the identification process to 
ensure the correctness of the identification procedure, and 
the utility of the model in predicting control responses 
rather than simply matching them. Model verification is 
completed in the time-domain in the WG 18 study,, 
although frequency-domain verification techniques have 
also been used (Kaletka et al., 1989 [5.7]). 


5.2 Model Structure 
5.2.1 General 

Selection of model structure is a critical step in system 
identification, which will greatly affect both the degree of 
difficulty in extracting the unknown parameters, and the 
utility of the identified model in its intended application. 
For example, while a 1-DoF roll response model 
containing 3 unknown parameters (gain, roll mode, time 
delay) is fairly easy to obtain and is often quite sufficient 
to evaluate on-axis handling qualities, it is obviously 
unsuitable for investigations of cross-coupling effects. 
On the other hand, a flight control design model that 


♦Based on the text prepared for the WG 18 report which 
benefitted from inputs from M. B. Tischler and the editor. 
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considers coupled fuselagc/rotor/airmass dynamics may 
contain nearly 100 parameters and will require rotor state 
measurements and significant computational capability. 
The simplest model structure that serves the intended 
application is the best choice. 

Model structures can be broadly divided into two groups: 
nonparametric and parametric. A nonparamctric model is 
one in which no model order or form of the differential 
equations-of-motion are assumed. Generally, 
nonparametric models are expressed as frequency- 
responses between key input/output variable pairs (e.g., 
pitch-rate response to longitudinal stick), that are 
calculated using Fast Fourier Transform techniques. 
Nonparametric models are presented in Bode plot format 
of Log-magnitude and phase of the input-to-output ratio 
versus frequency. Typical applications of nonparametric 
identification results are handling-qualities analyses based 
on bandwidth and phase delay and simulation model 
validation. Non-paramctric identification is a relatively 
fast and easy process, and has even been implemented in 
real lime for control system performance validation. 

A parametric model requires the assumption of both 
system order and the structure of the system's dynamical 
equations. The simplest parametric model structure is a 
transfer-function, which is a (lumped) pole-zero 
representation of the input-to-output process. These 
models have relatively few unknown parameters. On the 
other end of the scale is a full 6-DoF (or higher) set of 
coupled linear differential multi-input/multi-output 
(MIMO) state-space equations, derived from Newton's 
Laws applied to the helicopter system. Such a rotorcraft 
model may contain as many as 50-100 unknown 
parameters — a formidable identification problem. 
Common applications of parametric models include 
control system design, wind-tunnel validation, and math 
model derivation and validation. Key aspects of model 
structure selection for transfer-function and MIMO state- 
space model formulation are discussed in the following 
paragraphs. 

Tran sf er-Fu nctio n Mo del Structure Sel ec tion. Transfer- 
function models are generally identified by direct fitting 
of the nonparametric frequency responses. Specific 
aspects of the model structure that must be considered are: 

• Selection of input/output variable pairs, 

• Frequency-range of model applicability, 

• Physically meaningful order of the numerator 
and denominator polynomials, 

• Inclusion of equivalent time delay, and 

• Fixing, freeing, or cor draining coefficients in 
the fitting process. 

In order to illustrate some of these aspects, consider the 
selection of transfer function model structure for 
handling-qualities analyses. Such analyses are generally 
concerned with lumped low-order (equivalent systems) 
characterizations of on-axis input-to-output responses in 
terms of gain, natural frequency, damping ratio, and time 
delay that are representative of the helicopter's response in 
the pilot's "crossover frequency range" (e.g., 0.1-10 
rad/sec). Results for the AH-64 show that the short-term 
pitch dynamics are very well characterized by such a 


simple model. However, transfer-function models for 
high-bandwidth flight control system design need to be of 
fairly high order (8th order for the BO-105) to adequately 
predict achievable gain levels. 

MIMO State-Space Model Structure Selection. The 
MIMO state-space model structure problem is much more 
complicated than the transfer-function model problem. 
The analyst must make a host of a priori decisions that 
will profoundly effect the difficulty in extracting 
parameters, and the validity of the extracted parameters. 
As in transfer-function model structure selection, the 
overall goal is to select a model structure that is 
consistent with the frequency range of interest. Some of 
the many important aspects of state-space model structure 
formulation for rotorcraft are: 

• Degree of coupling between the longitudinal and 
lateral/di rectional motions 

• Order of model needed to characterize the frequency 
range of interest 

• Identifiability of the parameters as a function of 
the available measurements 

• What parameters are known and should be fixed 
(e.g., gearing, gravity, filter dynamics) 

• Physical constraints between the parameters (e.g., 
common actuators, aerodynamic symmetry, 
geometry). 

Since most of the WG 18 effort involved identification 
of 6-DoF MIMO state-space models, this model structure 
is presented in detail below. 


5.2,2 6 DoF State-Space Model 
Structure 

In the study undertaken by WG 18 the area of application 
was chosen to be that of helicopter flying qualities, i.e., 
the dynamic performance of the helicopter in response to 
its flight controls and as evidenced by the traditional 
flight mechanical variables. As a consequence, the basic 
dynamic equations selected for the aircraft model are the 
usual equations of flight mechanics as given in Equations 
(5.5.1) through (5.5.4). 

Force equations 

mu + m(qw - rv) = X - mg sin9 

mv + m(ru - pw) = Y + mg cos9 sin<|> (5.1) 

mw + m(pv - qu) = Z + mg cos9 cos<p 


Moment 

equations 
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Kinematic equations for Euler rates 


<5 = 

p + sin $ tan 0 q 

+ cos $ tan 0 r 


0 = 

cos <p q 

- sin 4> r 

(5.3) 

V = 

™±q 
cos 0 

+ £2i! r 

cos 0 



as "specific" quantities (equations (5.5) through (5.7)). 
This substitution, however, implies 

• that for calculating the full values of the 
aerodynamic parameters the knowledge of these 
mass and inertia properties of the aircraft is 
required and 

• that these properties are constants. 


Assumptions 

U y = 0, I„ = 0 (5.4) 


Gyroscopic reactions due to rotating elements of the 
helicopter are neglected. 

These equations are non-linear in structure because of the 
gravitational and rotation related terms in the force 
equations and the appearance of products of angular rates 
in the moment equations. The model also has to adopt 
expressions for the aerodynamic forces (X, Y and 2) and 
moments (L, M and N) that are central in the equations. 


Specific forces 

X = X/m, Y = Y/m, Z = Z/m (5.5) 
Specific moments 
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In this regard a judgement has to be made which state 
variables are significant for the particular application. 
For conventional, fixed-wing aircraft 6 degrees-of-freedom 
models involving only the rigid body states u, v, w, p, q 
and r, and even the simpler longitudinal or lateral 
subsystems, have been remarkably successful. For 
dynamically more complex aircraft, and this certainly 
includes helicopters, additional states and auxiliary 
dynamic equations may be required to provide a 
satisfactory representation. In the case of the helicopter, 
the dynamics of the main rotor represents such a 
complication, introducing the potential need of adding 
state variables associated with blade flapping, flexible 
blade mode, airmass motion or combinations of these. 
Another source of complexity is that the rotor drive is 
governed to maintain constant rotational speed by a 
control system which may add states and equations to the 
model. 

Fortunately, in many current helicopters, the eigenvalues 
associated with these additional states are sufficiently 
higher than those of the rigid body modes, such that by 
constraining the flight control inputs to relatively gradual 
excitations, the rotor modes approximately are not excited 
and a model based on the rigid body states can still give 
useful results. It should be pointed out, however, that 
especially in the highly manoeuvreablc modern 
helicopter, this approximation to the model structure is 
likely to be marginal. 

The model that has been adopted as the basis for the 
WG 18 study is the fully coupled, 6 degrees-of-freedom 
rigid body system of equations given in (5.1) through 
(5.4). 


L- IeL + I„N 

M = M. (5.7) 

N = ?» .L + I' N 

I«I*-& 

This gives the following sets of equations for the 
accelerations (5.8) and (5.9), in which the mass and the 
moments of inertia no longer appear explicitly. 

Equations for linear accelerations 

u = X - g sin 0 - qw + rv 
v = Y + g cos 0 sin q> - ru + pw (5.8) 

w = Z + g cos 0 cos <)> - pv + qu 

Equations for angular accelerations 

p = L, q = M, r = N (5.9) 

The linear form that is assumed for the specific 
aerodynamic forces and moments is given in (5.10) and 
(5.11). 

Equations for the specific aerodynamic forces 


A simplified set of equations results under the 
assumption that products of angular rates are small and 
can be neglected in the moment equations. 

Furthermore, by dividing the force equations by the mass 
and multiplying the simplified moment equations by the 
inverse inertia matrix, forces and moments are presented Wltfl 
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Equations for the specific aerodynamic forces 
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• small values of the angular speeds (p, q and r), 

• small variations of the Euler angles <ji and 6, 

• small variations of the translational speeds (u, 
v and w). 

This leads to the fully linearized equations of the 
translational accelerations. 
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The derivatives used are the specific derivatives of the 
ISO-Standards [5.8]. 

As the aerodynamic forces are the only external forces in 
the equations (5.10), it is their effect that will be 
measured by accelerometers. We, therefore, write 


In the estimation analysis the control inputs are assumed 
to be known accurately. In the helicopters for this study, 
the flight controls are actuated by hydraulic systems. The 
control deflection that is measured may represent the 
position of a control actuator rather than the immediate 
aerodynamic control input. In lieu of modelling this 
power control system, an effective time delay between the 
measured control motion and the actual rotor control 
input is assumed. In addition, although rotor state 
variables have been omitted explicitly, the rotor dynamics 
can be coarsely modelled as time delay between rotor 
control applications and the aerodynamic response. 
Although this delay has to be small, it may still affect 
the behaviour of the faster rigid body modes. To 
acknowledge these effects, the model formulation allows, 
as a compromise, the introduction of a single time delay 
for each of the four flight controls. 

To complete the information necessary for the parameter 
estimation algorithms, the relationship between the 
observed variables and the state variables has to be 
specified. This requires detailed calibration knowledge of 
the various sensors and their locations, so that corrected 
values to the centre of gravity of the aircraft can be 
determined. The data supplied by the experimental 
groups were largely preprocessed to supply data relative 
to the centre of gravity. It was further assumed that the 
calibration relationships were linear with unity scale 
factors, but allowing for unknown bias values. 
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The remaining nonlinear terms (products) in equation 
(5.15) can be approximated assuming 


In each experiment the available measured variables were 
assessed by several different data compatibility checks. It 
is noteworthy that incompatibilities were found that 
perhaps reflect the difficulty of interpreting helicopter air 
data measurements with certainty. In principle these air 
data sensors are to be calibrated in steady, rectilinear 
flight over a representative range of speeds and climb 
rates. This is a difficult task and still only defines the 
performance of the air data system under static conditions, 
leaving the dynamic response characteristics unknown to 
all intents and purposes. The measurements provided by 
the 'inertial instruments, such as the accelerometers and 
angular rate gyros, also contain offsets which (although 
they should be small in good quality sensors) will vary 
between experiments. The model for the observation 
equation is shown in (5.17). 



In these equations 

A and B are the matrices containing the stability and 
control derivatives. 

S represents vector of aerodynamic biases, which 
represent the reference state about which the 

(5.17) 

manoeuvre is Derformed ulus the effects of 


Ur, = u + bu 

v, r . = v + b» 
w m = w + bw 

Pin = P + bp 

qm = q + bq 
r m = r + b, 
4>m = <j> + b» 
0m = 6 + be 
axm = a» + bx 

Uym — 3y f by 
3an — + br 




5.2,3 General State and Observation 
Equations 

The general state and observa'ior. equations are described 
in (5.18). 

X(f) = f[x(t), U(t), ^ituel + F n(t) 
y(t.) = 8(x(t>), u(t,), ^1 + G rift,) (5.18) 
x(0) = xo 

where 

x = state vector = (u, v, w, p, c, r, $, Ql^ 

y = measurement vector = (u m , v m , w m . p m , q m , 

rm. <t>m. 0m. a xm . a ym , a zm ) T (It may also include the 
angular acceleration p m > q m . r m . if available.) 

£ = vector of unknown parameters, such as X u , 

Lfilon. etc. 

Fn(t) = state noise — ideally zero in output error 
method 

t|(tj) = Gaussian, white indom identity sequence 

Gq(tj) = measurement noise 

u = control input vector = (8| 0 n, Slat, 6 C oi,. 
Spcd)^ 

For our linear case, they take the special form of equation 
(5.19). 

x(t) = A x(t) + B u(t) + S + V + F n(t) 
y(t,) = C x(t,) + D u(t.) + H + G T)(t,) (5.19) 

x(0) = xo 


deviations from perfect trim in the initial state for each 
manoeuvre. 

The vector V contains the gravity and rotation related 
terms in the force equation. 

n(t) is the noise in the state equation. 

The observation equation is in time discrete form, 
representing the sampled nature of the experiments and 
contains the matrices C and 0 which relate the 
observed variables to the state and control variables. 
No new unknown parameters appear in these matrices 
if the calibrations contain accurate scale factors. 

The vector H contains any measurement bias. 

q(ti) represents the noise sequence in the 
measurements. 


With the system structure now laid down, the problem 
becomes primarily one of estimating the parameter values 
that describe the aerodynamic response to changes in the 
state variables (the stability derivatives) and the controls 
(the control derivatives). An important clement of 
system identification remains in the deselection of those 
parameters that do not or only marginally contribute to 
the fidelity of the model response, a procedure referred to 
as model structure determination. 


5.3 Time-Domain Identification 
Methods 


There is a vast body of theoretical literature on the 
properties of time-domain optimal estimation methods, 
when special forms are assumed for the noise that appears 
in equation (5.19). 

One set of assumptions defines the so-called output error 
method, another leads to regression methods or the so- 
called equation error method. These will now be 
discussed in general terms. 


5.3.1 Output Error Method 


The idealized situation underlying this method is based on 
the absence of noise in the state equati ;n and the 
assumption that the noise in the observation equation 
consists of a zero-mean sequence of independent random 
variables with a Gaussian distribution identity covariance. 
The objective is to adjust the values for die unknown 
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parameters in the mode! to obtain the best possible fit 
between the measured data y m and the calculated model 
response y c . For aircraft identification the Maximum 
Likelihood Technique is mostly used: For each set of 
parameter values in the model, the probability of the 
response time histories taking values near the observed 
values can be defined and a maximum likelihood solution 
is obtained for that set of parametric values that 
maximizes this probability. With all unknown 
parameters collected in a vector 4. the Maximum 
Likelihood estimate of 4 is obtained by minimizing the 
negative log likelihood function given in (5.20). 

J(4) = 1 £ [yn>(t.) - y«*(t,)F (GG 7 )' 1 [y m (t.) - y*ft)] 

2 (5.20) 

+ Ir|G®G T ®| 

with 

ym = measured 
and 

y c ^ = model output based on parameter vector 4 

The difference between the measured and model response 
time histories that appears in the cost function is the 
'output' error of the model, so explaining the name of the 
method. 

Both terms of the sum in this equation include the matrix 
G which describes the magnitude information of the 
measurement noise. (The product GG T is the 
measurement noise covariance matrix). When the noise 
is known, the second term in equation (5.20) is constant 
and can be neglected for the minimum search. The cost 
function then reduces to 


j© =1 £ [ym(t.) - y«4ft)F (GG 7 )' 1 [y m (ti) - y^t,)] 

2 M (5.21) 


In this case, the criterion is quadratic, weighted by the 
measurement covariance matrix. So in principle, the 
technique is a weighted least squares output error method. 
In general, the Maximum Likelihood method also 
estimates noise statistics, but this is often omitted and 
weighting matrices are selected based on the experience of 
the analyst. 

If the matrix G is not known, the measurement noise 
covariance matrix must also be determined. It is obtained 
from. 


GG = -j- Z [ym(ti) - yc?(ti)F [ym(ti) - yd,(u)Y (5.22) 
N.,.1 


The off-diagonal terms in this matrix arc in practice 
usually omitted. 


The set of parameter values that minimizes the 
Maximum Likelihood cost function has to be found by a 
search procedure. Several types of such procedures exist 
and depending on the circumstances one or another may 
prove to be more effective. However, the most 
widespread method is the Gauss-Newton or Ncwton- 
Raphson algorithm, which starts from a set of initial 
estimates for the parameters and then refines these 
estimates by an iterative method that stops when a desired 
level of convergence has been reached. The updating 
algorithm is 


^.=4k-Nj(4k)I' [v| J(^k>] (5.23) 

with 

=- Z ([y^M - y^wf 

IT 1 . . (5-24) 

*(GG 7 )' [V$ y<*k(t.)]) 


^J&) = -i([V^(t)] T 

1-1 

• (GG 7 )' [V$ yc$k(t.)]) 

+ Z tty-(0 - yc$k(t.)F 

i-l 

• (GG 7 ) 1 [v£ y«$k(t,)]) 


In the last equation, (5.25), the second gradient v| y^t,) 
is needed. Its computation requires a large effort. As this 
expression becomes zero when the optimum set of 
estimated parameters is reached, it can be justified to 
neglect this term when the initial starting values for the 
unknown parameters are not too far away from the final 
'true' values so that convergence to the desired state is 
assured. This approach, known as the Gauss-Newton or 
modified Newton-Raphson approximation, is 
computationally very efficient and sometimes results in 
superior convergence performance of the iterative search. 
Neglecting the second gradient docs not affect the final 
optimal values of the parameters. 

In brief, the Maximum Likelihood Technique is an 
iterative procedure. It minimizes the differences between 
measured data and the calculated response of the identified 
model by modifying the model parameters. The main 
steps in the procedure are: 

1. calculation of the cost function value: (5.20), 

2. determination of the measurement noise covariance 
matrix: (5.22), 

3. update of the values of the unknown parameters; 
(5.23), 
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4. calculation of the time history response of the updated 
model, 

5. calculation of the new value of the cost function. 

This procedure is repeated until the change in the cost 
function is smaller than a prescribed value. The 
magnitude of the change in the cost function thus 
indicates convergence of the estimation. To start the 
technique, a first guess for the unknowns, the a priori 
values, is needed. They should be as close as possible to 
the 'true' values to improve the convergence and to avoid 
that the estimation ends up in a spurious local minimum. 
To obtain starting values, a least squares equation error 
technique is often applied. 

The core of the computational effort lies in the 
calculation of the gradient of the cost function with 
respect to the parameter vector. This gradient can be 
computed by finite difference techniques or by analytic 
differentiation. In the finite difference technique the 
elements of the gradient arc determined by perturbing each 
of the elements of the paramete- vector in turn, 
reintegrating the model equations to determine the 
perturbed model response and then using these 
perturbations to form the approximate finite difference 
form of the desired partial derivative. The choice of the 
magnitude of the parameter perturbation has to be made 
with care when the model equations are nonlinear. In the 
latter case the alternative of analytic differentiation is not 
attractive, but for the case of linear systems, the 
application of analytic differentiauon often turns out to 
be much more efficient. 

The Maximum Likelihood estimator also provides a 
measure of the reliability of each estimate. From (5.25) 
the Gauss-Newton Approximation (ncglcction of the 
second gradient) yields 


I© = £ ([V^(t,] T (GG T )'‘ [%^t,]) (5.26) 

i-i 


This is the so-called information matrix. For the 
idealized case of no state noise and 'simple' measurement 
error properties the Maximum Likelihood estimation 
leads to asymptotically efficient unbiased parameter 
estimates. Then, the inverse of the information matrix 
given in (5.5.27) 

covar© = [I©]' 1 (5.27) 


is the covariance matrix of the estimation errors, which is 
a measure for the accuracy of the estimated unknowns. 
This uncertainty level, called the Cramcr-Rao bound, for 
the individual parameters is obtained from the diagonal 
terms by 


CR(fjm) = [covar(m,m)] 1/2 (5.28) 


The obtained values are often referred to as standard 
deviations of the identified parameters. It should be 
mentioned, that these values indicate the lowest 
obtainable bound. They are very useful for the 
comparison to each other to develop a feeling about the 
reliability of the estimation. For a practical 
interpretation they are usually too small and it is often 
suggested to multiply these values by a factor of 5 to 10 
to make the standard deviation physically more 
meaningful. 

The covariance matrix (5.27) also provides information 
about the correlation between the parameters determined 
as the above procedure. The correlation coefficients are 
obtained from 

P(UU =- SS^ShlH (5.29) 

[covar(nn)cova(mm)] 1/2 


Both the standard deviations and the correlation 
coefficients are extremely helpful in the search for an 
appropriate model structure. Output error techniques 
make this information readily available as it is obtained 
from the inverse of the information matrix, which has to 
be calculated anyhow for the estimauon procedure. 

It should be pointed out that the reality of the working 
model obviously represents a considerably more complex 
situation than that of the ideal assumptions in the 
observation equation of no state noise and random 
measurement noise of a simple statistical type. In the 
first place, the measurement errors are likely to contain 
modelling errors of their own, largely because of the 
limited knowledge of the dynamic behaviour of the air 
data system. The magnitude of these modelling errors 
may be appreciated from the data compatibility studies. 
To the extent that such modelling errors exist, the 
measurement error will contain contributions that reflect 
the particulars of the manoeuvre. Secondly, the 
assumption of no-state-noise is equally, or perhaps even 
more strongly, violated. The flight tests may have 
experienced some residual turbulence which would then 
represent a random contribution to the state noise. More 
importantly, the model we have adopted for the helicopter 
is only an approximation to its real characteristics and 
will therefore contribute modelling error to the state 
noise. Under these non-ideal real circumstances it is not 
possible to state that the use of the output error 
algorithms will lead to unbiased estimated parameters. 
Nevertheless, use of the algorithm to estimate parameter 
values remains a powerful and useful tool. Also the 
indicators of the "quality" of the parameter estimates 
embodied in the Cramer-Rao bounds and correlation 
matrix are still expected to indicate in a relative sense 
which parameters are firmly determined and which 
parameters play a less important role in the model. This 
information provides then a guide to removing the 
marginal parameters from the parameter set to be used. 

In practice several different computer programs based on 
the output error method are in use. Some of these are 
confined to linear model equations, others deal with the 
full non-linear equations. The use of linear algorithms 
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requires either the use of the linearized forms of the 
gravity and rotation related terms in the force equations 
or, as an alternative, the treatment of these nonlinear 
terms as known functions calculated from measured 
values. If the model with its optimally estimated 
parameters provides small differences between the 
calculated model responses and measured variables, then 
the latter approach will be reasonable and 
computationally effective. 


S.3.2 Equation Error Method 


The theoretical ideal case leading to the output error 
method is based on no-state-noise so that only 
measurement noise is present and it is furthermore 
assumed to be of a simple random type. A converse ideal 
situation would occur when the measurements are 
without error and the state-noise present is assumed to be 
random with simple statistical properties. In this case 
the unknown parameters can be estimated with non¬ 
iterative methods in which the system model equations do 
not have to be integrated. As shown, the application of 
this method uses the methodology of regression analysis. 

If we assume that a sufficient number of observed 
variables are available to determine the state variables 
from the observation equations, then, if the measured 
variables are measured without error, the state variables 
can also be determined without error. These are then 
completely deterministic. Now, the linear parametric 
representation of the specific aerodynamic forces and 
moments in terms of the perfeedy known state variables 
can be confronted with the time histories of these forces 
and moments as determined from the accelerometer 
measurements and the angular accelerations provided by 
numerical differentiation of the angular rate measurements 
(or from angular accelerometers, if available): 

y(ti) = ko + q.x(ll) + ... + ^n.ix(ti) + e(t.) 

or 

y + x 4 (5.30) 


The functions xi(tj) through x n -i(ti) represent the 
perfectly known static variables and control inputs and 
y(ti) represents one of the observed components of the 
specific force or angular acceleration. The function e(tj) 
is called the equation error. The following assumptions 
are made: 

• The equation error e is stationary with zero mean. 

• e is uncorrelated with the state variables. 

• The state variables xj are without error. 

• e is identically distributed, uncorrelated and has the 
variance c 2 . 

In vector form, the observation vector y represents the 
variables measured at N time intervals, one at a time. 
Similarly, the state variables and control inputs are each 
perfectly known at N intervals. The vector y is then Nxl 
and the matrix X is Nxn. Under these circumstances the 


parameter vector % associated with the particular observed 
variable is estimated to be 

Smi = (x T x)''x T y (5.31) 


The covariance of the estimated parameter vector is given 
by (5.32). 

E{ (4« - 5XU - 4) T ) = cVx)' 1 (5.32) 


with a 2 estimated by 

N 

N - n i-i 
and 

Ee»t(t<) = y (0 - y«(t.) 

y«l(ti) s (ijMt)o + (^cst)l Xl(ti) + ... + (^c*t)n-l Xn-l(t*) 

When in addition, the state noise is assumed to be 
normal, i.e., to have a Gaussian distribution, then the 
classical measures of significance of the regression, the F 
number, the partial F numbers and the squared multiple 
correlation coefficient, can be expressed as in (5.33). 

F - 5est* T y_-Ny 2 
(n-1)s 2 

- i N 

y = J -1 y(ti) 

N i=l 

(5.33) 

F (£est)f 
s 2 (^est)j 

p 2 _ ^ sl x T y - Ny 2 
y T y - Ny 2 

A deliberate selection of the significant parameters can be 
made by using a stepwise regression procedure. Irf such a 
procedure, the (regression) model increases its complexity 
by adding one new term at a time from the group of 
available state variables and control inputs to the model. 
The selection can be guided subjectively by the analyst or 
be under the control of a computer algorithm. Typically, 
the first regression variable selected is the one that 
exhibits the largest correlation with the dependent 
variable, y. Subsequent decisions are made on the basis 
of new, modified regression problems in which modified 
dependent variables are represented at each step by their 
residuals that result when the prediction by the model 
determined in the previous step; is subtracted, e.g., after 
two steps 

y'ft) = yft) - (U)° - (W> xi(tt) - (U ) 2 * 2 (t.) (5.34) 
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The next regressor to be added to the model will be that 
variable from amongst the remaining candidate regressor 
functions that shows the highest correlation with the 
modified dependent variable. At each step the partial F 
numbers are determined for each of the parameters that 
have been entered into the problem and only those that 
exceed a threshold for their partial 1- values stipulated by 
the analyst will be retained. The procedure will terminate 
when no further additions to the model can meet the 
threshold criterion. 

Several t. . iementations of the stepwise regression 
procedure are available in commercial statistics software 
packages, and a number of laboratories have developed 
theii own programmes. The actual matrix arithmetic in 
these programmes is finely tuned to be as efficient as 
possible and to minimize the effects of poorly 
conditioned problems. 

As mentioned previously, the rigorous theory for this 
method is based on the assumptions of perfectly known 
state variables and random noise. For the F values to be 
statistically meaningful this random noise has to be a 
white, Gaussian sequence. In reality these assumptions 
are violated. Even when state reconstructed values are 
used for the state variables, hopefully improving their 
accuracy, these will still not be perfectly known. Under 
such conditions, the estimates will no longer be 
unbiased. Also the noise statistics do not satisfy the 
assumed characteristics, partly because of modelling 
errors, and the information carried by the partial F values 
as determined by the application of the regression method 
is no longer closely related to the actual variance of the 
parameter estimates. This is clearly illustrated when the 
parameter variances calculated on the basis of applying 
the method to a number of different experimental time 
histories are analyzed. These turn out to be significantly 
larger than the variances inferred from the partial F 
values. As is the case in the application of the output 
error method under non-ideal circumstances, the use of the 
equation error method and the information about the 
relative importance of the various parameters, especially 
where augmented by practical judgement, nevertheless 
provides usable information. 


5.3.3 Closing Comments 

On theoretical grounds the application of both output- 
error and equation-error methods is flawed in that neither 
promises to deliver unbiased estimates of the parameters. 


Since in the analysis of flight test data of aircraft for 
which the model is not accurately known a priori, the 
preference for a particular method or combination of 
methods will depend on the ability of the identified model 
to predict aircraft performance in some sense. This 
ability is assessed via considerations of model verification 
and model robustness studies. 
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IDENTIFICATION TECHNIQUES 
FREQUENCY DOMAIN METHODS 


Mark B. Tischler 
Aeroflightdynamics Directorate 
U.S. Army Aviation Research & Technology Activity 
Ames Research Center 
Moffet Field, California, U.S.A. 


The starting point in frequency-domain identification 
methods is the conversion of time-based data to 
frequency-based data. This conversion, which is a batch 
and non-itcrauvc process, involves a considerable amount 
of data conditioning not required for time-domain 
methods. However, once the frequency-domain data base 
is completed, the computational burden of the parameter 
nonlinear search is considerably reduced. Also, there are 
some important benefits of formulating the cost function 
in the frequency-domain. This section presents an 
overview of frequency-domain methods used by WG 18 
members. 

Overview of Freauencv-Domain Methods . Discrete data 
arc converted from time sequences to frequency sequences 
using the Fast Fourier Transform (FFT), in conjunction 
with data windowing and digital filtering. These 
resulting frequency sequences are estimates of the Fourier 
Series coefficients for continuous ume-hisiory signals. 
These Fourier coefficients are used to calculate the signal 
power spectral density (PSD) functions, which provide 
important information on the frequency content of 
excitation and response signals, as needed in test input 
design. The frequency-response function and associated 
accuracy metric, the coherence function, are determined 
directly from the PSD results; these arc the "non- 
paramctric” identification results that are very useful for 
handling-qualities analyses, simulation validation, and 
flight control. Frequency-response data obtained from 
flight responses containing multiple control inputs arc 
post-processed to remove the effects of partially-correlated 
control inputs. 

Parametric identification equations based on output-error 
and equation-error cost function formulations presented 
earlier for the time-domain techniques arc essentially 
unchanged for the frequency-domain solution, once the 
time index is replaced by the frequency index. Transfer- 
function identification is completed by direct fitting of 
singlc-input/single-output (SISO) frequency-responses 
using an assumed transfer-function model structure. 
State-space model identification based on frequency- 
response cost functions is achieved by simultaneously 
fitting the MIMO set of frequency-responses. 


Conversion to the Freonencv-Domain. Continuous time- 
history signals are converted to the frequency-domain via 
the Fourier Transform. For example, the time-based 
signal x(t) is converted to the frequency-based signal X(f) 
by; 


X(0 = 


x(t) e'*“ dt 


( 6 . 1 ) 


The condition for existence of the Fourier Transform X(f) 
is: 


| |x(t)|dt<oo (6.2) 


This condition for existence is satisfied provided that the 
time-history signal x(t) is bounded (i.e., does not blow 
up). The piloted frequency-sweep technique requires that 
the test starts and ends in trim (x(0) = x(tf) = 0), thereby 
ensuring that this condition is satisfied. It is important 
to emphasize here that the Fourier Transform is valid and 
can be determined without modification for flight data 
obtained from helicopters that exhibit cither stable or 
unstable (most common) dynamic characteristics. 
Furthermore, the frequency-response function H(f) which 
relates the input and output Fourier Transforms (X(f) and 
Y(f), respectively) will iso exist and be completely valid 
for cither stable or unstable systems: 


Y(0 = H(f) X(f) (6.3) 


Flight test techniques and numerical examples of 
extracting unstable responses are presented by Tischler 
[5.5.71. 

Real time-history data is of finite time duration (T, secs), 
so the Fourier Transform of equation (5.5.35) becomes 
the Finite Fourier Transform: 
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X(f,T) = j x(t)c' M ‘dt (6.4) 

The record length T is the fundamental period of the 
signal, and defines the minimum frequency of 
identification: 


tUmm — 2lt/T (6.5) 


Frequencies co < (o m in DO NOT EXIST in the data and, 
so cannot be identified ["padding with zeroes" simply 
produces interpolation, and docs not allow lower 
frequencies to be identified]. 

When the data is in digital form, as is the case here, the 
Finite Fourier Transform is calculated digitally via the 
Discrete Fourier Transform (DFT): 


X(fk) = X(k AO = At ^ x„ cxp[-j2lt(kn)/N]; 

n -° ( 6 . 6 ) 

k = 0, 1,2.N-l 


where: 

X(f0 = Fourier coefficients 

x n = x(n At) = data points 

At = time increment 

N = number of discrete frequency points 


Finally, the Fast Fourier Transform ("FFT") is a 
numerically efficient algorithm for calculating the DFT. 
The quality (accuracy, resolution, random error content) 
of the achievable frequency-domain data and resulting 
model identification results are significantly enhanced by 
a number of relatively easy, but important data 
processing procedures (Bendat and Picrsol, 1986 [6.1]; 
Tischlcr, 1987 [6.2]; TischlerandCauffman, 1990 [6.3]): 


• Digital prefiltering 

• Ovcrlappcd/tapcred windowing 

• Chirp z-transform 

• Composite window averaging 


When the time-history does not end in trim (c.g., 3211 
test inputs), a correction term can be applied to the FFT 
to account for the conversion error introduced by the 
truncation effects in equation (6.4) (Fu et al., 1983 [6.4]). 
However, this correction term is not significant if 
tapered, overlapped windows are used, as is recommended. 


Spectral Functions . The Fourier coefficients can be 
manipulated to determine the spectral distribution of the 
input, output, and cross-correlated signals — the power 
spectral density ("PSD") functions: 


Input autospectrum: 

G„(f k ) = -2-|X(fi| 2 ; 

TU 

U = 1.63 for Hanning window (6.7) 

- distribution of xx as a function of frequency 


Output autospectrum: 


G yy (fk) = ^j|Y(fJ 2 


= distribution of yy as a function of frequency 


(6.8) 


Cross spectrum: 


G«y(fk) = ^j[X(f k )Y(f k )] 


= distribution of xy as a function of frequency 


(6-9) 


Examination of the input autospectrum provides the 
bandwidth of the excitation signal, the key characteristic 
for input signal design. Test inputs for system 
identification must have excitation bandwidths that cover 
the frequency range of the intended application. 

Frequency-Response Calculation. The SISO frequency- 
response H(f) is determined from the PSD functions: 

H(f) = !^ (6.10) 

G»(0 

The frequency-response as determined from equation 
(6.10) is unbiased in the presence of both output 
measurement noise (aircraft response sensors), and 
process noise (c.g., turbulence). This is a key benefit of 
frequency-response based identification methods as 
compared to equation-error or output-error approaches. 


The coherence function Y* y calculated at each frequency 
point indicates the accuracy of the identified frequency- 
response: 


Y 2_ |G, y (lf 

Gw(f)G yy (0 


( 6 . 11 ) 


Coherence function values less than unity are due to 
nonlinearities in the input-to-output process, or the 
presence of measurement noise or process noise. A 
coherence function of greater than 0.6 generally indicates 
acceptable idenufication accuracy for that frequency point. 

Frequency-Response Identification When Multiple 
Partially-Co rrelated Inputs are Present. Most test data 
generated by a pilot or with computer generated signals 
involve inputs to multiple controls. For example, in the 
frequency-sweep test technique, the pilot may apply 
inputs in the secondary channels to maintain aircraft 
motion near the reference flight condition. If dynamic 
coupling exists in the system being identified, the 
presence of correlated secondary inputs, if ignored, will 
bias frequency-responses obtained from the SISO 
relationship of equation (6.10) (Tischlcr, 1987 [6.2]). 
The correct responses are obtained from the multi¬ 
input/single-output MISO solution of the matrix 
frequency-response equation at each frequency point 
(Owes et al., 1978 [6.5]): 
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T(f k )=Gi(f k )G ty (f k ) (6.12) 

where 

Gxx(fk) = ng x nc matrix of auto and cross-spectra 
between the ng inputs, 

Gxy(fk) = n c x 1 matrix of SJSO cross-spectra 
between each control input and the single 
input. 

The associated coherence function obtained from the 

MISO solution is referred to as the "partial coherence": 


YU„--J(6.13) 

^yync-l)! 

This solution is repeated for each of the (no) outputs to 
obtain the (n c x no) MIMO set of "conditioned" 
frequency-responses. 

Q u lPUt-Error _a nd Equ a tio n-Error Formulations in the 
Flgqucncy-Pomain. The time-domain state equations 
(5.19) are converted to the frequency-domain by taking 
the Founer Transform and dropping the initial conditions 
and bias terms: 

jw X(to) = A X(co) + B u(<o) + G„„(w) 

Y(to) = C X(M) + D u(co) + G„ n (<o) 

where: 

u(co) and Y(co) arc the control (input) and output 
Fourier coefficients obtained from equation (6.6) 
with co = 2itf, 

Gnn(®) is the PSD of the process noise, 

GqT\(w) is the PSD of the measurement noise. 

Including both process and measurement noise sources 
leads to the general frequency-domain Maximum- 
Likelihood problem (Klein, 1980 (5.5)). The frequency- 
domain output-error and equation-error solutions follow 
directly from the earlier time-domain solutions: 

Gnn(w) = 0 => Output-error 

Gt)T)(w) = 0 => Equation-error 

At first look, it may appear that a great deal of 
computational effort has been expended to arrive right 
back at the same equation-error and output-error solutions 
obtainable in the time domain. But, there are some 
important benefits of using the frequency-domain 
formulation, especially for identifying higher-order 
models of helicopter dynamics that include widely spaced 


dynamic modes (e.g., fuselage and rotor modes). This 
problem is discussed in detail by Fu et al (1990, [6.6]). 
In the current application to the identification of 6-DoF 
handling-qualities models, the most significant benefits 
of the frequency-domain methods are: 

• Direct estimation of time-delays. This is very 
important for achieving a representative model. Time 
delays are directly and very accuracy determined with 
frequency-domain methods, since such delays have a 
linear effect on the cost function. In contrast, time- 
domain methods can estimate these delays only in an 
indirect fashion. 

• Band-limiting data and frequency weighting. In the 
frequency-domain formulation, the cost function is 
calculated only in the frequency range selected by the 
user. This allov the analyst to closely match the data 
with the model structure. For example, the 6-DoF 
identification is conducted in the frequency range up to 
the first rotor regressing flapping mode. Within the 
identification range, the frequency-domain fitting errors 
are equally weighed at all frequencies. Unless specific 
explicit weighting is applied, the time-domain 
formulation provides higher weighting of the lower 
frequencies which can degrade the identification of the 
higher-frequency modes. Also, the data must be 
digitally filtered to achieve time-domain band-limiting 
for consistency with the model structure. 

Ereauengy-Rgspons e Cost Function Formulation. The 
frequency-response cost function is formulated by taking 
the Laplace Transform of equation (6.7) on page 94 and 
solving for the state-space model transfer-function T m : 

T ro (s) = C[sl - A]’ 1 B + D (6.15) 


A matrix of time delays r is included in the model by 
noting that: 

Td(s) = e"" (6.16) 


Tm(j6>) = (cijcol - A] 1 B + d) c*“ (6. 1 7) 


The unknown state-space model parameters (0) in the 
matrices A, B, and r are determined by minimizing J, a 
weighted cost function of the error e between the 
identified frequency responses T(jco) [of equation (6.12) 
and the model responses T m (jco) [of equation (6.17)) over 
a selected frequency range: 

J(6) = £ e T (o)n, e)We(o)„, 0) (6.18) 

n-1 


The frequency ranges for the identification criterion (toj, 

^2.con) arc selected individually for each 

input/output pair according to their individual ranges of 
good coherence. In this way, only valid data arc used in 
the fitting process. Within these frequency ranges, the 
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points are selected linearly across the logarithmic 
frequency range. The weighting matrix (W) is based on 
the values of coherence at each frequency point to 
emphasize the most accurate data. These features are key 
benefits of the frequency-response approach. 

As in the time-domain methods, the Cramcr-Rao bounds 
and parameter correlation information are obtained from 
the numerical estimate of the Hessian matrix H. For the 
frequency response method; 

H = V|j = — = 2D t W D (6.19) 

ao 7 

where D a dq/dOj is obtained numerically from first 
differences. 

The Cramer-Rao lower bound for each parameter (CRi) is 
obtained as before: 


CR, = V(H-')ii (6.20) 


A reasonable estimate of the parameter standard deviation 
usually requires a scale factor of 5-10 on the Cramer-Rao 
bound to account for modelling errors and non-Gaussian 
noise. The frequency-response ratio of equation (6.20) 
eliminates the noise effects, which from experience 
lowers the appropriate scale factor to about 2. 


Conclud i ng .Remarks .EegaidiflgJIicaugnxy-jQmam 
Methods. Frequency-domain methods provide some 
important benefits in rotorcraft system identification, 
especially in the identification of higher-order models 
with widely spaced dynamic modes. The tradeoff is in the 
considerable amount of data conditioning involved in the 
conversion of the time-domain data base to the frequency- 
domain data base. The proliferation of data in this 
conversion process makes a data-basing capability very 


important. Also, since frequency-domain methods tend to 
be graphics intensive (spectral curves, frequency-response, 
coherence, etc), user-friendly graphics-oriented software is 
important. The growing availability of frequency-domain 
identification software is a key factor in recent growth of 
interest in these techniques. Sophisticated software for 
output-error and equation-error formulations has been 
developed by DLR and University of Glasgow. The 
AFDD has developed an integrated package for the 
frequency-response based approach. 
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Summary 

The concept of robustness is examined and 
discussed in the context of rotorcraft system 
identification and modelling. A classification 
of robustness issues is proposed involving 
experimental design aspects, identification 
techniques, model structure estimation, para¬ 
meter estimation and the robustness of the 
complete mathematical model resulting from the 
application of identification processes. 
Associated tests of robustness are proposed and 
a set of special recommendations is presented 
for each of the aspects considered. Within 
these recommendations particular emphasis is 
placed on the need for a good user interface 
which fully exploits the use of computer 
graphics and for reliable tools for the assess¬ 
ment of model structure.The need for prelimin¬ 
ary flight tests to characterise the dynamics of 
the system and thus guide the design of identi¬ 
fication experiments is also emphasised. A 
further recommendation is that design criteria 
should be established for verification inputs. 


1 Introduction 

Deficiencies in mathematical models used for 
piloted simulations and for flight control law 
design can impose important limitations and 
constraints in research and development 
programmes for new aircraft. These, in turn, 
can lead to significant additional costs. 

System identification methods can contribute 
significantly to the processes of model develop¬ 
ment and validation provided due account is 
taken of the issues of identifiability and 
robustness. Identifiability relates to the 
potential for successful derivation of a mathe¬ 
matical model of a given structure from given 
experimental response data. Robustness, on the 
other hand, concerns the degree to which an 
identified model is altered when factors such as 
the test data record length, test input signal 
magnitude or identification algorithm are 


changed. Successful adoption of system identi¬ 
fication methods by the rotorcraft industry 

hinges on the formulation of guidelines to 

ensure robustness and a comprehensive demon¬ 
stration of robustness through the application 
of such guidelines. 

Robustness issues in rotorcraft system ident’ f i- 
cation may be classified conveniently as 
follows: 

(a) robustness and reliability of a priori 

information required for successful system 

identification. 

(b) robustness of the identification technique 
used for establishing the structure of the model 
and estimating parameters of the model. 

(c) robustness (consistency and accuracy) of 

the identified model structure. 

(d) robustness (consistency and accuracy) of 

the estimated parameters. 

(c) overall robustness of the resulting mathe¬ 

matical model. 

This discussion paper puts forward proposals 
for the robustness conditions and tests required 
for all aspects of the problem. In some cases 
the proposals are tentative and the need for 
more substantiation work is identified. While 
it is clearly attractive to maximise robustness 
at all stages, it must also be recognised that 
valuable work has been done with the techni¬ 
ques of system identification in cases where 
success has been limited because of lack of 
robustness but where the fragility of results 
has provided important new insight in terms of 
the mathematical model. 

It must be admitted that lack of robustness has 
been an important factor which has limited the 
use of identification techniques by industry in 
the past. However, it must be pointed out that 
the industrial organisations that will benefit 
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the most and the earliest from this enabling 
technology are those that commit resources to it 
during its development. 

2 A priori Information: 

Experimental Design and Data 

Consistency 

Successful initial design of an identification 
experiment depends critically upon the level of 
uncertainty within the information available at 
the outset, including the accuracy of any avail¬ 
able mathematical models of the vehicle. 
Accurate experimental design requires prior 
knowledge of the characteristics of the vehicle 
and such information is, of course, never fully 
available. A second concern is the accuracy 
and consistency of the measurements them¬ 
selves: both of these issues can be discussed 
under the heading of a priori information. 

2.1 Experimental Design 

As has been pointed out by Murray-Smith and 
Padficld (1991), experimental designs based on 
available mathematical models are unlikely to 
be optimal due to model uncertainties. It is 
important, therefore, to be able to characterise 
some flight test data, if available, prior to any 
detailed experimental design. Such prelimin¬ 
ary data must, of course, be representative of 
the flight condition for which the proposed 
identification tests are to be performed. Char¬ 
acterisation of these data sets may be carried 

out in terms or spectral content, amplitude 

probability density, maximum excursions and 
noise content. Measure' such as these, taken 
together with a mathematical model of the 

vehicle and any other available information, 
provide useful insight which can have consider-, 
able influence on the design and conduct of 
flight experiments for system identification 
purposes. 

Closely associated with the analysis of any 
preliminary flight data is a requirement for 
careful assessment of the instrumentation 
available on the aircraft to ensure that it is 
adequate for system identification purposes, 
Questions of robustness of estimates and 
robustness of identification methods are closely 
associated with the quality of the flight test 
data which, of course, depends ultimately on the 
quality of the instrumentation. 

Carefui attention to detail in the design and 
conduct of flight experiments can greatly 
enhance the effectiveness and value of a flight 
test programme. Initial conditions must be 


defined for each test and these conditions must 
be repeatable. This is possible only when there 
is a low turbulence level which would of course 
apply unless turbulence modelling is a specific 
objective of the flight test programme. At the 
analysis stage it is therefore necessary to 
determine the means and standard deviations of 
the records from all the channels prior to the 
application of the control input. This process 
allows one to check that the required initial 
state exists in terms of the mean values and that 
deviations from this mean lie below a d'" 
threshold level. 

In the design of flight experiments it is also 
important to make provision for repeated testing 
at each chosen test condition. Results from 
repeated tests must be examined carefully for 
differences. Ideally this should be done on 
board the aircraft or by telemetry so that 
further testing can be carried out if significant 
variations are detected. 

Investigation of linearity is of great importance 
and at each test point inputs should be applied 
for different amplitudes and for different 
directions. The degree of nonlinearity can then 
be assessed qualitatively and also in a quantita¬ 
tive fashion in terms, for example, of the ampli¬ 
tude distribution function. 

The frequency content of test signals is of great 
importance for system identification work and 
it is necessary to ensure that the frequency 
content of the test input signal used in a given 
application is appropriate for the modelling 
objectives in that particular case. Spectral 
analysis of the test input applied to the vehicle, 
coupled with simi-lar analysis of the measured 
response variables, can provide valuable 
physical insight. For each test condition it is 
appropriate to carry out tests with different 
input signals selected to cover different parts of 
the frequency range. Comparisons can then be 
made of these data sets with a view to estab¬ 
lishing any potential prob-lem areas for the 
subsequent identification process. For 
example, the extent of excitation of each of the 
states at a given part of the frequency range can 
be of considerable import-ance. Prior know¬ 
ledge of the states which are excited in a satis¬ 
factory fashion can be very helpful in guiding 
the user of identification software and in 
interpreting results. 

If test input signals are to be applied by the 
pilot via the normal controls practical 
limitations of accuracy and repeatability are 
encountered both in terms of amplitude and 
timing. The difficulties of applying tests 
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signals manually restrict the range of input 
types which can be considered. On the other 
hand it may be essential in some applications, 
such as handling qualities studies, for the pilot 
to apply the test inputs. 

Robustness of test inputs is an important but 
often neglected aspect of the input design 
process. As already discussed, only an 
approximate model of the vehicle is available 
prior to testing and the inputs used should be 
as insensitive as possible to errors in the 
model. 

A second important point is that inputs should 
not contain a dc component since this will tend 
to change the operating condition of the aircraft 
away from the initial trim state; unless this is 
specifically required (eg classical speed - 
stability tests (Padfield (1985)). 

Tables 1 to 5 summarise robustness conditions 
and tests for each aspect of the identification 
process. Special recommendations are included 
within these tables and for the experimental 
design aspect (Table 1) the recommendations 
emphasise the importance of a preliminary 
flight test. Results from the application of an 
appropriate broad-band calibration input, such 
as a frequency sweep, should be of value in the 
experimental design and should provide useful 
information to guide the initial choice of a 
model structure. 

2.2 Kinematic (measurement) 
consistency 

The fact that flight data is frequently degraded 
by measurement and process noise and sensor 
calibration inaccuracies introduces a need for 
consistency checks on the data prior to the 
application of identification techniques to 
estimate aircraft parameters. Methods com¬ 
monly used for the investigation of data con¬ 
sistency involve:- 

(a) simple comparisons between redundant 
sensors 

(b) comparisons between kinematically 
redundant sensors (eg comparisons of integrated 
body rotational accelerations with body angular 
rates) 

and 

(c) state estimation techniques such as the 
Kalman Filtcr/Smoother. 


Important questions of robustness arise in 
connection with all of these methods of consis¬ 
tency checking. In methods (a) and (b) biases 
and scale factors may be estimated using least 
squares or maximum likelihood techniques, but 
instrument modelling errors or the presence of 
large amounts of measurement noise can cause 
problems. State estimation methods may be 
used to reduce the uncertainty level associated 
with a given signal but these techniques require 
prior knowledge of measurement and process 
noise statistics which may not be readily 
available. 

One approach to the investigation of kinematic 
consistency which may have some advantages, in 
terms of robustness, over other methods 
involves the use of a Bayesian estimator (Black 
(1989), Turner (1991)). For such an estimator 
confidence figures have to be provided for the 
initial values of the unknown parameters. Some 
physical insight can thus be incorporated 
within the estimation process and this may 
provide benefits in terms of the robustness of 
estimates of bias and scale factor parameters. 

3 Identification Techniques 

The robustness of a given identification techni¬ 
que cannot, in general, be separated from 
questions of experimental design, choice of 
model structure, and accuracy of the resulting 
estimates. However, in the context of the 
classification of robustness issues given above, 
the robustness, or otherwise, of a given identi¬ 
fication technique is taken to mean the reli¬ 
ability of the method in terms of convergence of 
the optimisation procedure, susceptibility to 
measurement and process noise, and accuracy of 
initial parameter estimates. 

Klein, in his AGARD Lecture Series No. 104 
paper (Klein, (1979)), has provided a useful 
summary of the identification techniques 
generally applied to aircraft parameter 
estimation. The paper gives the theoretical 
properties of a number of different estimators. 
These properties provide useful pointers with 
regard to questions of robustness. 

For example, in its most general form, the 
maximum-likelihood method provides a means 
of obtaining parameters for a linearised aircraft 
model from flight data involving both measure¬ 
ment noise and process noise. On the other 
hand other, less general, forms of output error 
method arc based upon an assumption that only 
measured outputs are corrupted by noise and 
that the aircraft experiences no gusts or other 
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unmodelled disturbances. In the presence of 
process noise, such as atmospheric disturb¬ 
ances, results from output-error methods can be 
significantly degraded, leading to poor esti¬ 
mates which show large variances or high cor¬ 
relations. The variance of estimates obtained 
using equation error methods is affected not 
only by process noise but also by the noise level 
associated with all the measurements and the 
estimates themselves can be significantly 
biased using this approach even if the measure¬ 
ment noise and process noise components have 
zero mean value. 

Comparisons of the robustness of different 
techniques can only be carried out if they 
involve tests in which each method is assessed 
using the same sets of flight data. The robust¬ 
ness of a given technique can, of course, be 
influenced considerably by the software imple¬ 
mentations and every effort must be made to 
ensure that identification techniques are not 
being degraded by poor software design. 

Other factors to be considered in making 
comparisons of this kind include the form of 
model under consideration (eg state space or 
transfer function) and the particular flight 
conditions included in the chosen data sets 
upon which the comparisons are based. 

The ease of use of a method and the form of 
interface provided in a particular computer 
implementation are matters which are, in 
principle, quite separate from questions of 
robustness. However, the diagnostic tools 
incorporated within a particular software 
implementation can be of considerable import¬ 
ance. Robustness problems may well remain 
undetected unless the user is confronted with 
relevant evidence concerning confidence 
intervals, goodness of fit and cost function 
values. This implies a need for a well designed, 
flexible, user interface with extensive provision 
for graphical output. 

The special recommendation presented in 
Table 2 for this aspect of the identification 
process relates to the need for identification 
tools to incorporate a full and well-engineered 
user interface which provides information 
concerning factors such as the goodness of fit, 
confidence intervals of estimates, the sensi¬ 
tivity to changes of model structure and the 
sensitivity to changes in test condition. Good 
graphics facilities are an essential part of this 
user interface. 


4 Model Structure 

Questions of robustness in terms of the estima¬ 
tion of model structure are, for linear six- 
degree-of-freedom rotorcraft identification, 
traditionally linked to problems associated with 
equation-error identification methods and to 
techniques for the determination of model order 
in transfer function models. However, the use of 
pseudo-control inputs (eg Black and Murray- 
Smith, (1989)) or the method of successive 
residuals (DuVal et al, (1983)) as a means of 
reducing the complexity of the parameter 
estimation problem also involves decisions 
which relate implicitly vo the model structure, 
and may have a bearing on the accuracy of the 
estimates of the associated parameters. 

In broader terms the model structure estimation 
process implies an activity in which the model 
may be expanded in a number of different 
dimensions. The number of degrees of freedom 
is the most obvious measure of complexity of a 
model structure but this aspect cannot be 
separated from questions of bandwidth, ampli¬ 
tude and helicopter components. It is vital to 
recognise that in the development of a model 
structure we can expect to see dramatic changes 
in effective parameters as the model is 
expanded. For example, the parameters of a 
low-frequency reduced-order model may change 
significantly as additional degrecs-of-freedom 
are introduced or the bandwidth is increased. 
Such changes demonstrate very clearly the 
weakness of reduced-order models when used 
outside their proper range of application. 

One important indicator of problems associated 
with model structure is provided by the 
residuals which are obtained following the 
parameter estimation stage of the identification. 
Correlated residuals can often be an indicator of 
a possible problem associated with the model 
structure. The form of the residuals, when 
interpreted with with physical understanding, 
may provide clues concerning the precise nature 
of this problem and the steps to be taken to 
correct the model structure. Practical diffi¬ 
culties can arise, however, because of the fact 
that large residuals may also result from the 
presence of correlated measurement noise in the 
measured flight data, or from the fact that a 
particular response variable is of very small 
amplitude, or from nonlinearities. 

The step-wise regression procedures available 
within the Optimal Subset Regression (OSR) 
program (Padfield el al (1987)) allow the 
estimation of a first approximation to the para¬ 
meter estimates in a class of model structures. 
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This form of equation-error estimation provides 
one very convenient way of exploring the ability 
of different linear and nonlinear model struc¬ 
tures to fit flight measurements. The step-wise 
regression procedure applies the least squares 
fit in a sequence of steps, each time adding or 
deleting an additional independent variable to 
the regression equation until a best fit is 
achieved. At each stage the variable chosen for 
entry to the regression is the one having the 
highest partial correlation with the residual. In 
this process tne multiple correlation coeffici¬ 
ent, R , is a direct measure of the accuracy of 
fit while the total F-ratio provides a measure of 
the confidence ascribed to the fit. The partial 
F-ratios for individual parameters provide 
individual confidence measures. Both R and 
the F-ratios arc tracked during the regression 
process in order to determine the maximum 
total and partial F-ratios. The regression is 
terminated when either R reaches a pre¬ 
defined value or the individual F-ratios of 
remaining parameters fall below a specified 
critical value. An example, described by 
Padfield el al (1987), has illustrated the value 
of this process for the case of a pedal doublet 
response in which it was found necessary to 
restrict the estimated model structure to simple 
lateral and directional motions. The relation¬ 
ship between the stability of the Dutch roll and 
the flight path angle was being investigated and, 
although it was found initially that the predic¬ 
tive capabilities of the simulation model were 
poor, a reduced-order upgraded model based on 
flight data provided greater insight concerning 
the mechanisms of stability loss with climb 
angle. 

The incorporation of pure time delays within 
the model structure can lead to improved, and 
more robust estimates of derivatives within the 
six-degrees-of-freedom form of description in 
cas's where these derivatives are susceptible to 
rotor transient effects which are not included in 
the assumed model structure. 

In addition to bandwidth and amplitude a third 
important model dimension relates to the 
vehicle's physical components eg main rotor, 
tail rotor etc. Without the use of special load 
cells, however, knowledge of individual compon¬ 
ent contributions to force and moment deriva¬ 
tives is very difficult to extract. However, in 
some situations certain components dominate 
and in others the relationship between the 
components' contributions to different parts of 
the model structure are known and can be used 
to support the analysis {eg N ot = constant x 
Y ot). 


It is recommended in Table 3 that increased 
emphasis should be given to establishing a valid 
model structure prior to the parameter estima¬ 
tion stage of the identification process. In 
order to do this more reliable techniques arc 
needed for the estimation of model structure. 


5 Parameter Estimates 

One indicator of the robustness of parameter 
estimates is the value of the associated variance. 
It should be noted, however, that comparison of 
variance values obtained using different model 
structures is not valid. 

As mentioned under the heading of model struc¬ 
ture, checks of residuals can provide additional 
insight concerning questions of accuracy. If the 
identification process is completely accurate, 
both in terms of model structure and parameter 
estimates, the residuals will take the form of 
white noise. The whiteness of residuals is 
conventionally tested by determining the auto¬ 
correlation function of the residual sequence. 

An additional measure of the robustness of 
parameter estimates may be provided by plots of 
the parameter value versus the length of the 
record used for the identification. The plots for 
each parameter should of course converge to a 
constant value as the record length increases. 
An example for the case of the Puma helicopter 
may be found in a recent paper by Black and 
Murray-Smith (1989) which includes a graph 
showing the dependence of estimates and the 
associated variances on record length for a 
particular flight experiment. 

The sensitivity of parameter estimates to the 
frequency range of the data used in the estima¬ 
tion process can also be revealing and can 
provide a measure of the robustness of para¬ 
meter estimates. High sensitivity to the inclu¬ 
sion of additional frequencies in the range used 
for identification is a good indicator of prob¬ 
lems in the experimental design or model struc¬ 
ture determination stages. Essentially the 
requirement, in terms of the frequency-domain, 
is to establish the range of frequencies over 
which parameter estimates are essentially 
constant. This process should then lead to an 
identified model which is valid for that 
frequency range. 

The robustness of parameter estimates is 
closely associated with questions of experi¬ 
mental design and the spectral behaviour of the 
system. Plaetschke and Schulz (1979) have 
discussed the general problem of identifiability 
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of derivatives and have proposed the use of 
frequency-domain techniques for identifi- 
ability investigations. Kaletka (1979) has also 
proposed a method for isolation of significant 
parameters involving measures based upon 
time-domain quantities. Both of these 
approaches provide powerful tools to isolate 
significant terms and identifiable parameters 
within the model equations. Clearly, as is 
emphasised in Table 4, estimated parameters 
should show low sensitivity to record length in 
both the time domain and frequency domain. 

6 Overall Robustness of the Model 

Checks of the overall accuracy of the model 
resulting from the identification process can be 
obtained by carrying out tests on the model 
using data sets which were not used in the 
identification process. The selection of such 
data sets to be used for model checking can 
present problems in that they must be broadly 
similar to the sets used for the identification in 
terms of their spectral properties and ampli¬ 
tude and energy distributions. If the differ¬ 
ences between the model responses and the 
corresponding measured variables are all suffi¬ 
ciently small the identified model can then be 
accepted as a candidate model for the chosen 
flight condition. It will not, however, be a 
unique representation and it is possible that 
other models could give similar results. 

An additional check can, of course, be provided 
by carrying out repeated runs at the same 
nominal test condition using the same experi¬ 
mental design. An assessment of the changes of 
structure and parameter estimates under these 
circumstances can be very revealing, especially 
when the extent of the model distortion is 
related to the error bounds of the estimated 
model parameters. The situation is unsatisfac¬ 
tory if the variations of parameters derived 
from tests carried out under nominally the same 
conditions are greater than the estimated error 
bounds. One of the recommendations showL In 
Table 5 is that design criteria should be 
established for verification inputs. 

Responses obtained using other test inputs are 
bound to give differences in the amplitude, 
frequency and distribution of energy between 
state variables and are thus likely to give 
different parameter estimates. The differences 
may however be understandable in terms of 
physical reasoning and potentially useful 
information can sometimes be obtained by 
making comparisons of results from a number of 
test signals. 


It is also very useful, when comparing para¬ 
meter estimates with theoretical predictions, to 
examine the trend of the estimated parameters 
with some fundamental rotorcraft quantity 
defining the flight condition. Such quantities 
include speed, rate of climb or descent and turn 
rate. As pointed out by Iliff (1979) this simple 
technique can provide much valuable insight 
and is readily applied to aircraft where 
manoeuvres are small perturbations about a 
point in a much larger envelope. 


7 Conclusions and Recommendations 

The robustness conditions and associated tests 
proposed in the previous sections are summar¬ 
ised in Tables 1 to 5. For each robustness 
condition it is possible to define one or more 
tests which may be of value. In some cases the 
proposals which have been made are very tenta¬ 
tive and it is unlikely that any examples exist 
where all these robustness tests have been 
applied in a systematic fashion. Many cases do 
exist, however, in which some of the robustness 
tests shown in the tables have been applied and 
where valuable insight has been obtained from 
their use. 

This analysis of robustness issues also high¬ 
lights some of the reasons for the reluctance 
shown by industry in the past to adopt system 
identification methods for routine application. 

Special recommendations are also presented in 
the tables for each aspect of the identification 
process. These provide a summary of the more 
detailed recommendations contained ir each of 
the earlier sections of this chapter. It is 
believed that the presentation of robustness 
issues and corresponding tests in this way, 
together with these recommendations, can help 
to define a set of tools necessary for the 
successful application of system identification 
techniques for rotorcraft. 
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Tables 


Robustness Conditions 

Robustness ’ asts 

Special Recommendations 

Precision and repeatability of 
initial conditions 

Analysis of mean and standard 
deviation of all channels prior to 
control input 

The experimental design proc¬ 
ess should incorporate a pre¬ 
liminary flight test to categorise 
the dynamic system, including 
sensors, actuators, control sys¬ 
tem and airframe. Results from 
this test should guide the design 
of optimal test inputs for system 
identification and should influ¬ 
ence the choice of model struc¬ 
ture 

Repeatability of selected test 
inputs 

Repetition of flight tests and 
analysis of differences between 
responses 

Linearity 

Repetition of flight tests using 
different amplitudes and 

directions of test signals 
Examination of amplitude dis¬ 
tribution functions 

Low correlation between control 
inputs and between states 

Correlation analysis of records 

Frequency content of test input 
in relation to modelling require¬ 
ment 

Spectral analysis of records 

Table 1 Robustness Aspect of the Experi ..ntal Design 

Robustness Conditions 

Robustness Tests 

Special Recommendations 

Susceptibility of method to 
measurement noise 

Examination of theoretical prop¬ 
erties of the method 

Results obtained from applica¬ 
tion of method to simulated 
response data with added noise 

Identification tools must ini r- 
porate a full and well engi¬ 
neered user interface exploiting 
maximum use of simple graph¬ 
ics. The tools should provide 
information on goodness of fit, 
confidence intervals, sensitivity 
to changes in test condition and 
model structure, etc 

Susceptibility of method to pro¬ 
cess noise 

Examination of theoretical prop¬ 
erties of the method 

Results obtained from applica¬ 
tion of method to simulated 
response data 

Table 2 Robustness Aspect of the Identification Technique 

Robustness Conditions 

Robustness Tests 

Special Recommendations 

Suitability of initial choice of 
model structure 

Application of and F-ratio 

tests in stepwise regression 
procedure 

More emphasis must be given 
to establishing a valid model 
structure before proceeding to 
the parameter estimation st3ge. 
Reliable tools for the assess¬ 
ment of model structure are 
required 

Suitability of mode! transfer 
function order 

Examination of residuals in fre¬ 
quency domain 

Presence of significant unmo¬ 
delled dynamics 

Examination of residuals 
Examination of effects of intro¬ 
ducing pure time delay 

Table 3 Robustness Aspect of the Identified Model Structure 
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Robustness Conditions 

Robustness Tests 

Special Recommendations 

Range of parameter estimates 
found from different tests 

Examination of variance values 
provided by the chosen esti¬ 
mation method. 

Examination of residuals to 
establish whether they show 
white noise properties (e g by 
autocorrelation analysis). 

Estimated parameters should 
show low sensitivity to record 
length in both the frequency 
domain and time domain 

Dependence of estimates on 
record length 

Repeat estimation process for a 
variety of different record 
lengths 

Dependence of estimates on 
frequency range used for esti¬ 
mation 

Repeat estimation process 
using frequency domain 

approach for a number of differ¬ 
ent frequency ranges 


Table 4 Robustness Aspect of the Estimated Parameters 


Robustness Conditions 

Robustness Tests 

Special Recommendations 

Overall adequacy of estimated 
model structure and parameters 

Examination of residuals 

Design criteria are needed for 
verification inputs to establish 
model properties in terms of 
distortion of 

1) Model responses when sub¬ 
jected to verification input 

2) Model parameters for verifi¬ 
cation inputs 

Model distortion effects when 
used with verification inputs 

Analysis of flight test data for 
verification inputs 

Table 5 Robustness Aspect of the Resulting Mathematical Model 
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1. Abstract 

Flight test data from the U.S. Army/McDonnell Dou¬ 
glas AH-64 Apache attack helicopter was provided to 
the AGARD FMP Working Group 18 (WG-18) on Ro¬ 
torcraft System Identification. Results from the appli¬ 
cation of system identification techniques on the data 
by several members are compared. The data are pro¬ 
cessed by the WG members to assure consistency and 
remove identified measurement biases. Various time- 
domain identification procedures ranging from linear 
regression to maximum likelihood are used to iden¬ 
tify coupled six degree-of-freedom rigid body models. 
Stability and control derivative estimates and model 
eigenvalues are compared. Diagonal terms in the mod¬ 
els are consistently identified while coupling derivative 
estimates vary widely. Eigenvalues associated with the 
slower modes (^hugoid and spiral) are not consistently 
identified due to the limited 12 second record length 
of the available data. Roll convergence and Dutch 
roll modes are consistent between the models. All 
the models do a good job of predicting primary axis 
response, however, improved correlation is achieved 
by eliminating insensitive stability a..d control deriva¬ 
tives from the parameter sets. 

WG-18 members contributing to the AH-64 identifi¬ 
cation include: McDonnell Douglas Helicopter Com¬ 
pany (MDHC), National Aeronautical Establishment 
(NAE), Deutsche Forschungsanstalt fur Luft- und 
Raumfahrt (DLR), Nationaal Lucht- en Ruimtevaar- 
laboratorium (NLR), and the U.S. Army Aeroflight- 
dynamics Directorate (AFDD). 

2. Notation 

a* Longitudinal acceleration, m/s~ 

a„ Lateral acceleration, m/s 3 

a. Normal acceleration, m/s 1 

/* x-axis body moment of inertia 

/„ y-axis body moment of inertia 

/, i-ax is body moment of inertia 

I, x Body product of inertia 

L x-axis aerodynamic moment 


m Mass 

M y-axis aerodynamic moment 

N s-axis aerodynamic moment 

p Body roll rate, rad /s 

q Body pitch rate, rad /3 

r Body yaw rate, rad /3 

u x-axis velocity, m/s 

v y-axis velocity, m/s 

/ Total velocity, m/s 

tv i-axis velocity, m/s 

X x-axis aerodynamic force 

Y y-axis aerodynamic force 

Z s-axis aerodynamic force 

a Angle of attack 

P Sideslip angle 

S x Longitudinal cyclic control, % 

S v Lateral cyclic control, % 

S p Pedal control, % 

S„ Collective control, % 

9 Pitch attitude, rad 

r x Longitudinal control time delay, sec 

r y Lateral control time delay, sec 

T v Pedal control time delay, sec 

r„ Collective control time delay, sec 

</> Roll attitude, rad 

tp Yaw attitude, rod 

3. Introduction 

System identification can best be described as the de¬ 
termination of system characteristics from measured 
data. In Sight dynamics, system identification can 
be used as a means of correlating theory and experi¬ 
ment and is often applied to handling qualities anal¬ 
ysis, model validation, and flight control law develop¬ 
ment. Practical use of these techniques in the rotor- 
craft industry is hampered by the complex dynamics 
and severe flight test measurement requirement asso¬ 
ciated with helicopters. In recent years as these prob- 
are overcome, development of system identifica- 
• techniques for rotorcraft flight dynamic analysis 
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hu increased. The ultimate goal of such developments 
for industry is to decrease design costs by reducing the 
necessary Sight testing and re-design for aircraft not 
performing as designed. 

AGARD WG-18 on Rotorcraft System IdentiScation 
was established in 1987 to evaluate the strengths and 
weaknesses of different identification approaches and 
to develop guidelines for the application of identifica¬ 
tion techniques to rotorcraft design and development. 
The AH-64 data base was selected as one of three 
common data bases for investigating different iden¬ 
tification methods. Several members worked with the 
data to identify AH-64 dynamic characteristics. Re¬ 
sults from the contributing members are presented in 
this paper. 


4. Flight Testing and Data Evaluation 

AH-64 flight test data was provided to WG-18 from 
an existing data base. The AH-64 aircraft was flown 
in 1984 in a series of tests for the purpose of trans¬ 
fer function evaluation. These tests were designed to 
obtain aircraft responses to doublet, pulse, and fre¬ 
quency sweep type inputs in each control axis (lon¬ 
gitudinal, lateral, directional, and collective). Table 
1 lists the AH-64 maneuvers from the 1984 transfer 
function tests used by the Working Group. Files 1 
through 11 contain doublet and pulse runs suitable 
for time domain identification. Maneuvers were per¬ 
formed open-loop at a flight condition of 130 knots. 
Two half-inch doublets starting in opposite directions 
are included for each control axis. Pulses for both 
forward and aft longitudinal control and right lateral 
control are also included. 

Control inputs for the 130 knot frequency sweep ma¬ 
neuvers in files 12 through 21 were produced by a spe¬ 
cially designed Gold Oscillator Box (GOB). The GOB 
commands sinusoidal frequency sweeps in two ranges 
from .1 to 3 Hi and from .3 to 13 Hi in one minute 
sweeps. A typical two minute run consists of a sweep 
up to the high frequency and then back down to the 
starting frequency. A modified Stability Augmenta¬ 
tion System (SAS) was used to stabilise the off axes 
during tho sweeps. The primary axes remain open- 
loop and are stabilised by the pilot. 

Flight test measurements for the AH-64, schematic 
diagram shown in figure 1, were recorded on board 
the aircraft and telemetered to the ground station 
for backup recording/fiitering and on-line monitoring. 
Table 2 lists the measurements provided for the AH- 
64 records. The filter cutoff frequencies listed are the 
-3dB bandwidth frequencies. 

A strap down sensor package near the center of grav¬ 
ity provides body angular rates, angular accelerations, 
and linear accelerations. Body angular accelerations 
(p, q, r) are measured independently from the angular 


rates (p, q, r). Euler angles (</, 9, rp) and Euler rates 
are provided by the Heading Attitude Refer¬ 
ence System (HARS). Euler rates are computed sig¬ 
nals within HARS based on the Euler angles. Control 
positions were taken at the actuators and not the pilot 
stick or pedals thus eliminating uncertainty in control 
linkage and actuator dynamics. 

Data requirements for system identification are much 
more stringent than for more common handling quali¬ 
ties analysis or model validation. Issues such as record 
length, response amplitude, off-axis inputs, measure¬ 
ment accuracy and wind conditions have st-ong effects 
on system identification results. For this reason, WG 
members spent considerable time evaluating the AH- 
64 data base. Consistency between the measurements 
was established but several undesirable data charac¬ 
teristics exist. For time-domain identification (files 
1-11), the following concerns were recognised: 

• Short record length (12 seconds): Parameters 
associated with long period aircraft modes such 
as the phugoid, which has a period of about 20 
seconds for the AH-64, cannot be adequately 
identified from short duration records. 

• Large amplitude response: Linear models of ro¬ 
torcraft are appropriate for predicting small am¬ 
plitude response only. The change in body atti¬ 
tudes were as large as 20 to 30 degrees for both 
longitudinal and lateral doublets. 

• Noisy acceleration measurements: Accelerations 
had low signal-to-noise ratios due to 4/rev vibra¬ 
tions. 

• Quantisation errorr in Euler angles: Quanti¬ 
sation errors were introduced due to the large 
ranges used when recording Euler angle mea- 
surerr.v' 

The frequency sweeps (files 12-21) contained some 
of the same problems above but was not acceptable 
for frequency-domain identification due to the limited 
SCAS activity. Sweeps were flown open-loop in the 
primary axis and closed-loop in the off axes resulting 
in a high level of correlation among the control inputs, 
which precludes identification of off axis responses. In 
addition there was inadequate low frequency content 
which precludes the identification of the low frequency 
(speed) derivatives. 

The problems above demonstrate the difficulty in us¬ 
ing existing data bases for parameter identification. 
Dedicated flight testing is necessary which takes into 
account the specific data requirements associated with 
these techniques. This inhibits industry application 
of such techniques since dedicated handling qualities 
testing for system identification is expensive and con¬ 
sidered low priority compared to other required test¬ 
ing such as structural loads tests. To date, most data 
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bates suitable for this work come from research or gov¬ 
ernment sponsored activities. 

Data consistency checks were performed by each of the 
WG members to establish the quality of the recorded 
measurements. A brief description of the techniques 
used by each member is provided. 

MDHC used several methods beginning with simple 
comparisons between redundant sensors. The limited 
data set reduces the availability of most redundant 
sensors except accelerations. Multiple acceleration 
measurements were available for the AH-64. Accel¬ 
erations from the c.g. and the pilot seat (which were 
transferred to the c.g.) were compared and found to 
be consistent for several maneuvers. The only differ¬ 
ences were small biases in the a x and a v signals. Since 
it could not be determined (at that stage in the con¬ 
sistency checks) which signal contained the bias, no 
action was taken. 

Several comparisons between kinematically redundant 
sensors were carried out by MDHC (Harding and Bass 
(lj). The body angular accelerations (p,q,r) were in¬ 
tegrated and compared to body angular rates (p, q, r). 
Scale factors and biases identified using least squares 
are shown in figure 2. In addition, the compatibility 
between measured body rates (p, q, r) and the atti¬ 
tudes and Euler rates from the Heading Attitude Ref¬ 
erence System (HARS) was checked using kinematic 
relations. Finally, the Euler angles were reconstructed 
from integrated Euler rates to eliminate quantisation 
errors. 

The final phase in data consistency checks was the 
use of an Extended Kalman Filter/Smoother. The 
algorithm, as presented by Du Val et al. (2], is de¬ 
rived by posing an optimisation problem to find the 
time histories of the vehicle states that are consistent 
with both a prescribed dynamic model and available 
measurements. This method assures data consistency, 
reduces the effects of measurement noise on the state 
estimates, and can provide estimates of unmeasured 
states. 

MDHC applied the Extended Kalman Filter/ 
Smoother to files 1-8. The data was initially sampled 
at 25 Hi. Measurements used in the reconstruction 
include: p, 8, ip, p, q, r, u, v, w, a x , a v , and a,. Pro¬ 
cessing included a sero phase shift, lowpass filter with 
a cutoff frequency of 3 Hi after the Kalman filter. 

Results from the Kalman filter state estimation for the 
doublet maneuvers indicated that the angular mea¬ 
surements <p, 8, ip, p, q, and r were generally very 
good. A bias of about .01 rod/s was identified in the 
pitch rate signal. Also, the longitudinal acceleration 
signal had a bias of roughly 2.1 m/s 5 . This bias was 
apparently caused by the accelerometers being cali¬ 
brated with the helicopter on the ground at a 5 degree 
nose-up attitude. 


NAE performed Consistency checks on files 1-8. The 
data was initially lowpass filtered with a Butterworth 
fourth-order sero phase shift filter with a cutoff fre¬ 
quency of 4 Hi. Spectral analysis had revealed consid¬ 
erable excitation at 19 Hi (blade passage frequency). 
After lowpass filtering, the data was sampled at 20 
Hi, excluding the first and last 50 points. 

Biases in the data were estimated with a least squares 
method. The measurements used were: ip, 8, ip, u, u, 
ui, a x , a v , a,, p, q, r, <p, 0, and ip. The least squares 
procedure is outlined below: 

• Integrate Euler rates with measured Euler angle 
initial conditions and use least squares to deter¬ 
mine the 6 biases for the measured attitudes and 
rates. 

• The corrected Euler angles and rates are used 
in the angular kinematic equations to determine 
biases in the body angular rates. 

• The corrected body angular rates and attitudes 
enter the translational kinematic equations for 
determination of biases in the velocities and 
translational accelerations. 

Statistics for the bias estimates indicated the a x , p, 
and q biases had small variances with respect to their 
mean values. These biases were estimated as 2.21 
m/s 1 , .0025 rad/a, and .011 rad/a respectively. 

DLR completed consistency checks on each of the dou¬ 
blet input maneuvers in files 1-8 and also on the con¬ 
catenation of all the maneuvers. A nonlinear maxi¬ 
mum likelihood program was used to estimate scale 
factors for u, v, ui, <p, 8, ip and biases for o z , a„, a,, 
p, q, and r. The scale factor effects were not large 
enough to warrant correcting the data, so the data 
was only altered by removing biases. Biases for a x , 
p, and q were identified as 2.26 m/s 3 , .0025 rad/a, 
and .011 rad/a respectively which is comparable with 
values identified by other members. 

NLR initially tried to perform compatibility checks 
using a linear output error program. However, the 
bias estimates from the linear program varied consid¬ 
erably between maneuver files. NLR believes the poor 
results were due to the large pitch and roll excursions, 
which cannot be adequately represented by the linear 
kinematics formulation. 

NLR therefore adopted an output error program 
which uses the nonlinear kinematic equations to esti¬ 
mate measurement biases. This technique was applied 
separately to each maneuver file to estimate the biases 
in the acceleration measurements and in the body an¬ 
gular rate measurements. The bias estimates obtained 
from the nonlinear output error program proved to be 
relatively constant. 


The bias estimate for o x was consistently large with 



8-4 


a m«an valoe of 2.1S m/a 7 indicating the longitudinal 
accelerometer calibration error. NLR also noted that 
the a x time hiatory wit very noisy, making it difficult 
to judge whether the signal was valid. Other biases 
include a bias on p of .0032 rad/a and a bias on q of 
.011 rad/a. Data preprocessing consisted of sampling 
the data at 20 Hs with no filtering. 

The AFDD performed consistency checks on all the 
files. The data was initially lowpass filtered with a 
four-pole, sero phase shift digital filter supplying a 
OdB attenuation at 3 Hs. Analysis was performed at 
the full sample rate of 100 Hs for the first 11 files, while 
files 12-21 were decimated to 20 Hs for analysis. 

The AFDD used the state estimation program 
SMACK (Bach (3|) to estimate biases and scale fac¬ 
tors. Measurements used in the estimation were </>, 9, 
V", Pi h r, V, a, />, a„ a„, and a,. Euler angles and 
body angular rates were used as measurements in an 
initial check of angular consistency and were also esti¬ 
mated in this check. Errors on Euler angles were not 
estimated because of the high reliability of the HARS 
system from which Euler angle and rate measurements 
were obtained. 

All of the measurements were used in a final 6 DOF 
check. Biases and scale factors estimated in the 
angular check were used along with their program- 
estimated covariances as start-up values in the 6 DOF 
check. Measurements were also estimated as were an¬ 
gular accelerations in this final check. Biases were as¬ 
sumed to be on a x and a y rather than <j> and 9 because 
of high confidence in HARS data. 

Statistics for files 1-11 show biases on a x , p, and q to 
have small variances with respect to their mean values, 
justifying their retention in the error model. These 
biases were identified as 2.02 m/a 7 , .0021 rad/a, and 
.011 rad/a respectively. The statistics indicated that 
all enor parameters identified for the sweep maneu¬ 
vers including biases on a x , a.., a,, p, q and r, with 
the exception of the bias on p for files 20-21, were 
significant. 


The first and second terms on the right side of this 
equation are the perturbation accelerations due to 
aerodynamic forces and moments. The third term, 
sometimes called the aerodynamic biases, represents 
the steady state aerodynamic specific forces and mo¬ 
ments acting on the aircraft plus the initial aircraft 
accelerations. The fourth term contains the gravity 
effects, and the fifth term is the centrifugal specific 
forces which arise because the body axes represent a 
moving reference frame. 
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5. Model Structure 

The model which has been used by WG members 
investigating the AH-64 is a coupled 6 DOF rigid 
body model with time delays in the controls. Equa¬ 
tions 1-6 are the 6 DOF nonlinear rigid body equa¬ 
tions of motion, and equation 7 is the Euler angle 
relationship between the body-fixed axis system and 
the vehicle-carried axis system. The rotational equa¬ 
tions 4-6 have been simplified by assuming that the 
aircraft is symmetric about the x-s body axes (ver¬ 
tical plane of symmetry). Representing the changes 
about the trim condition in the aerodynamic specific 
forces and moments as linear functions of the aircraft 
states, the equations of motion reduce to equation 8. 
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Equation 8 is the basic model structure used in the 
identification procedure by all members working with 
the time domain AH-64 data. During the parameter 
estimation process, the nonlinear gravity and centrifu¬ 
gal terms can be calculated directly from the flight 
data, or calculated from the simulated response data. 
The stability and control derivatives, aerodynamic bi¬ 
ases and measurement biases are estimated. 
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Estimating the aerodynamic biases would not be nec¬ 
essary if the aircraft initiated each maneuver from an 
unaccelerated flight condition and the trim conditions 
of the aircraft were exactly known. In this case, the 
aerodynamic biases would be simply the steady state 
aerodynamic specific forces given by equation 9. In 
practice, however, the aircraft is not in steady flight at 
the beginning of the maneuver and the trim conditions 
are not exactly known. Therefore, the estimation of 
the aerodynamic biases is important in obtaining good 
results. 


&XO 

a VO 

<*«o 

Po 

9o 

r a 


taneously so that nil derivatives can be estimated dur¬ 
ing a single run. In addition 10 estimating the aerody¬ 
namic derivatives, MDHC estimated the initial state 
derivatives (aerodynamic biases). The outputs from 
the simulation which were compared with the mea¬ 
surements to form the error (cost function) were u, v, 
w, a x , a v , a,, p, q, and r. 

Because MDHC was unable to identify consistent con¬ 
trol time delays from files 1-11, no time delays were 
used during the identification. However, the discrete¬ 
time simulation in the output error program intro¬ 
duces a delay in the simulated outputs of one-half the 
sample interval or .020 seconds. 

The cost function J minimized by the output error 
program is given by equation 10, where y is the mea¬ 
sured response, y is the simulated response, IV is a 
diagonal weighting matrix, and the subscript t repre¬ 
sents the time index. 


gsin6 0 

-gcoa$ 0 sin<fi 0 

-gco!d(jcos4>o 

0 

0 

0 


(9) 


Additionally, a bias term can be added to the mea¬ 
surement equation and a bias identified for each mea¬ 
surement. Although estimation of both aerodynamic 
and measurement biases is a standard practice, care 
must be taken to ensure that the aerodynamic and 
measurement biases are independent or identifiability 
problems will result. 

A further simplification in the model involves lineariz¬ 
ing the gravity and centrifugal force terms along with 
the Euler angle kinematics to yield a complete eight 
state linear model. This model fornulation was not 
used during the parameter estimatio). step because the 
linearized approximations to the gravity, centrifugal 
force terms, and Euler angle equations will introduce 
errors in the aerodynamic derivative estimates. 


Identification Method 


[y. — y.] ( 10 ) 

The weighting matrix was used simply as a homo¬ 
geneity factor to account for the different magnitudes 
of the different measurements. To make all measure¬ 
ments influence the cost function roughly equally, the 
diagonal elements of IV were set equal to the root- 
mean-square of the perturbation values of the mea¬ 
surement sequences over all maneuver files used for 
identification (equation 11). 


r j N 

IV = diag 1 £ (y. - Po] [y, - yo| J 


( 11 ) 


Several different parameter estimation procedures 
were applied to the AH-64 data. Most of the mem¬ 
bers used time domain techniques ranging from linear 
regression to Maximum Likelihood (ML). The AFDD 
used a frequency domain approach. Because of prob¬ 
lems with the frequency sweep data, AFDD was only 
able to estimate a few control derivatives and time de¬ 
lays. This section describes the estimation techniques 
applied to the AH-64 data by different WG members. 

MDHC used a time domain output error method to 
estimate a model from files 1, 3, 5, and 7. The 
output error program iteratively adjusts the model 
parameter values to minimize the sum of squared 
weighted errors between measured and simulated re¬ 
sponses. Minimization is based on an IMSL fin’te 
difference Levenberg-Marquardt algorithm (ZXSS<)) 
which solves a nonlinear least squares problem. Tl.e 
output error program can accommodate multiple ma¬ 
neuver tin.e histories during a single run. Usually four 
maneuvers (one for each control axis) are used simul¬ 


where yo is the mean value. 

NAE’s model was estimated using the concatenated 
data files 1, 3, 5, and 7. Starting with the recon¬ 
structed data, NAE first applied stepwise regression 
to find values for the parameters in the aerodynamic 
model, as well as estimates of the parameter variances. 
The regression values of the parameters were then 
used as starting values for the maximum likelihood 
algorithm MMLE-3 (Maine and Iliff (4,5)). The cost 
function and weighting matrix were similar to those in 
equations 10 and 11. The full set of parameters was 
identified with a time delay of .100 seconds applied to 
all the controls. 

The measurements compared with the ML output to 
form the error were: u, v, w, p, q, r, o„ a„, and o T . 
In addition to the aerodynamic derivatives, aerody¬ 
namic biases were estimated for each state equation 
of each maneuver file. Measurement biases were also 
estimated for each measurement equation of each ma¬ 
neuver file. 
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Three models were identified by DLR: one from files 
1, 3, 5, and 7 (DLR-l), one from files 2, 4, 6, and 
8 (DLR-2), and one from all eight files (DLR-3). A 
nonlinear ML program was used to estimate deriva¬ 
tive values. The measurement vector included: a„ 
a i» °»> Pi 7i r, <p, 9, u,v,w,p,q, and r. The param¬ 
eter covariance matrix provided by the ML program 
v.'is used to eliminate insignificant model parameters, 
giving a reduced model order. During the identifica¬ 
tion procedure, the nonlinear kinematic and gravity 
terms were calculated from the model response data, 
and not from the actual measured Sight data. 

DLR usually estimates equivalent control time delays 
using the cross-correlation between input and response 
signals. For the AH-64 data, time delays were not 
calculated but were assumed to be .100 seconds on all 
controls which are the average value as identified in 
the frequency domain by AFDD. 

NLR identified two models from two separate groups 
of data. Each group of data consisted of four doublet 
maneuvers representing inputs in each control axis. 
The first group included files 1, 3, 5, and 8 (NLR- 

1) and the second group files 2, 4, 6, and 7 (NLR- 

2) . The following measurements were used during the 
identification: <f>, 6, ip, p, q, r, V,a, f), a x , a„, a,, S ot 
S x , 9 V , S p . No filtering was performed on the Bight 
data, and the data was sampled at 20 Hs. 

NLR used a two step method. As a first step, all 
state variables are reconstructed as described in the 
data evaluation section. In the second step, the recon¬ 
structed variables and the measured control variables 
are used in a stepwise linear regression procedure to 
estimate parameter values. 

Time delays of . 100 seconds were applied to the four 
controls during the identification and verification pro¬ 
cess to account for time lags in the actual response. 
These delays were assumed as representative delays, 
and were not actually calculated from the data. 

Because of the limitations of the AH-64 frequency- 
domain database, AFDD was only able to identify the 
high frequency control derivatives and time delays for 
the longitudinal and collective controls. The longi¬ 
tudinal cyclic parameters were obtained from multi- 
variable frequency response matching of the 3 DOF 
longitudinal dynamics: q/S x , a,/6 z , w/S x , a x /S x , 
and u/6 x . The time delay associated with the lon¬ 
gitudinal cyclic was estimated as .110 seconds. 

The collective stick parameters were obtained from 
single-input/single-output transfer function model fit¬ 
ting of the collective frequency responses: q/6 ol r/6 0 , 
and a x /S n . Collective stick time delay, which was 
taken as an average from the q, r , and a, responses, 
was .089 seconds. The average of all time delays is ap¬ 
proximately .100 seconds which is the value used by 
NAE, DLR, and NLR. 


6. Identification Results 


Stability and control derivative estimates and the vari¬ 
ance of these estimates (when available) are listed in 
Tables 3 and 4. Statistical analysis of the identified 
derivatives for each row of Tables 3 and 4 are given 
to show the identifiability of a particular derivative. 
Since it is not practical to discuss each derivative, a 
brief comparison of the primary derivatives associated 
with helicopter dynamics has been made. 

Diagonal terms (A u , F„, Z v , L p , A/,, and N r ) in the 6 
DOF models were consistently identified by the mem¬ 
bers as evident by the low variances with respect to the 
mean values. Contrary to expectations, drag damping 
(A„) is well identified despite the lack of significant 
speed data due to the short record length. The ef¬ 
fects of time delays used in the identification process 
are evident in the pitch and roll damping terms L v 
and M q . Time domain identification results for the 
BO-105 obtained by the DLR (Kaletka [6]) show, for 
example, that the identified value of Lp is reduced by 
25% when the time delays associated with the rotor 
and actuators are omitted from the model structure. 
This reduction in the value of damping derivatives oc¬ 
curs so that the 6 DOF model can match the extra 
phase lag associated with the higher-order dynamics. 
MDHC did not include the ,100 sec time delay used 
by the other members; thus values for L r and M q are 
subsequently smaller than those obtained by NAE and 
DLR which did include the time delay. 

The yaw damping derivative, N r , is the least identi¬ 
fiable of the diagonal terms. Values from the DLR-l 
and DLR-2 models using different records for identifi¬ 
cation vary from -.6071 to -.2457 unlike the other diag¬ 
onal terms which are consistent between the two mod¬ 
els. The verification time histories, discussed later, 
show good correlation for yaw response to directional 
inputs for all of the identified models. However, the 
yaw response to pitch inputs is poor on all the models 
leading to the possibility that airmass states associ¬ 
ated with interactional aerodynamics are needed to 
uniquely model the yaw equation. 

Dihedral effect (L„) and directional stability (N„) 
show good agreement between the various models. 
Coupling derivatives L, t and M p are not easily iden¬ 
tified since aircraft coupling is not strong. Less sig¬ 
nificant stability derivatives vary widely as might be 
expected. Time delays were identified by AFDD dur¬ 
ing frequency-response identification with the longitu¬ 
dinal and collective sweep data. Results are given in 
Table 3. 

Control derivatives were identified and are shown in 
Table 4. Derivatives representing control power s-ch 
as Mp x , L( v , Nf p , and Zt, 0 show reasonable agreement. 

Eigenvalues for the identified models are presented in 
Tables 5 through 8. For comparison, eigenvalues de- 


termined for the phugoid and Dutch roll modes from 
Sight test art given in Table 9. These estimates were 
arrived at through visual inspection of Sight data de¬ 
signed to excite the oscillatory modes. 

The phugoid eigenvalues of the identiSed models are 
not consistent and do not agree well with the phugoid 
mode estimated from Sight test data in Table 9. 
The speed derivatives Z H and M u directly effect the 
phugoid motion and are shown in Table 3 to vary 
greatly between the models. The 12 second record 
length limits the identiScation of these speed related 
derivatives and thus the phugoid mode which has a 
period of roughly 20 seconds. The limited data also 
effects the identiSability of the spiral mode which is a 
slow, lightly damped mode. 

The roll convergence roots are close between the mod¬ 
els as a result of the fairly consistent roll damping 
derivative L r . The Dutch roll eigenvalues for most of 
the identified models agree with each other and with 
the values from Table 9 indicating that this motion 
is easily identified from the data. The important lat¬ 
eral stability derivatives associated with Dutch roll Y v< 
L„, N„, and N r are relatively consistent between the 
models. 

Responses from the MDHC, NAE, and DLR-1 mod¬ 
els identified from files 1, 3, 5, and 7 (controls shown 
in figure 3) are compared to the flight data used to 
generate the models. Angular rates are shown in fig¬ 
ures 4-6. Each member used slightly different meth¬ 
ods to calculate the model responses shown. MDHC 
linearised the nonlinear gravity and centrifugal force 
terms about the 130 knot flight condition and com¬ 
bined them with the identified stability and control 
derivatives to form an eight state linear model. This 
model was driven with the measured control inputs to 
generate the model response. To account for initial 
aircraft accelerations and control offsets, the aerody¬ 
namic biases (static force and moment offsets) which 
were estimated during the parameter identification 
step were used. The NAE model was driven with 
the measured control inputs, while the nonlinear grav¬ 
ity and centrifugal force terms were calculated based 
on reconstructed flight data representing a pseudo¬ 
control. Aerodynamic biases and measurement biases 
which were estimated during the parameter identifica¬ 
tion were used to account for untrimmed initial states. 
The DLR model was driven with the measured con¬ 
trol inputs, and the nonlinear gravity and centrifugal 
force terms were calculated from the model response, 
Again, identified aerodynamic and measurement bi¬ 
ases were used. 

The identified models are considered acceptable in 
characterising the helicopter response. The NAE 
model appears to show the best match with flight 
data however the close match may be a result of the 
response generation approach. The NAE identifica¬ 
tion procedure includes driving the model with the 


measured Euler angles and using reconstructed flight 
data to calculate the nonlinear gravity and centrifu¬ 
gal force terms (pseudo-controls). DLR used a similar 
ML identification procedure as NAE with the excep¬ 
tion that the nonlinear gravity and centrifugal force 
terms were calculated from the model response instead 
of the reconstructed flight data. With this technique, 
the velocities and Euler angles are not exact, however 
comparisons of body angular rates between the NAE 
and DLR models and flight data are similar. 

The MDHC model does not match the flight data as 
well as the other two models shown. Much of the 
discrepancies are attributed to use of linearised grav¬ 
ity and centrifugal force terms. Although the gravity 
and centrifugal force terms were calculated from re¬ 
constructed flight data during the identification they 
were linearised about the 130 knot flight condition and 
driven by the model response to create the simulated 
responses shown. 


7. Model Verification 

Model verification is performed by comparing iden¬ 
tified model response to flight test data not used to 
generate the model. Figure 7 shows the control in¬ 
puts for files 2, 4, 6, and 8. For these maneuvers, 
the angular rate responses of the MDHC, NAE, and 
DLR-1 models are compared in figures 8 through 10. 
The NLR-1 model response is compared to files 2, 4, 
0, and 7 as shown in figure 11. 

Again, MDHC used a different technique for generat¬ 
ing the model response. The nonlinear gravity and 
centrifugal force terms were linearised about the 130 
knot flight condition and combined with the identified 
stability and control derivatives to form an eight state 
linear model. The other three models were driven with 
the measured control inputs, while the nonlinear grav¬ 
ity and centrifugal force terms were calculated based 
on model outputs. On the whole, all of the models 
do a good job of predicting primary axis response. 
Careful analysis of the verification plots reveals cer¬ 
tain characteristics which can be associated with the 
various identification procedures. 

Both NAE and DLR used ML programs to identify 
the models, however the results show that the DLR 
model matches the flight data better. The differences 
between the two approaches include: 1) handling of 
nonlinear gravity and centrifugal force terms during 
identification; 2) the reduced order of the DLR model; 
and 3) the use of Euler angles and body angular accel¬ 
erations by DLR in the measurement equations. NAE 
used pseudo-controls during identification while DLR 
used the model response to compute the nonlinear 
gravity ar.d centrifugal force terms. MDHC also used 
the pseudo-control approach with output-error identi¬ 
fication and achieved results similar to NAE. 
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In comparing the pitch rate responses, the DLR and 
NLR model* show better correlation than MOHC and 
NAE. The distinguishing feature of the DLR and NLR 
models is the use of a reduced model structure. Other 
common factors include a .10 second time delay on 
controls and the use of 4 > and 8 in the measurement 
equations. The use of time delays on the controls does 
not appear significant in the verification in this case 
since MDHC did not use time delays and achieved very 
similar results as NAE which applied a .10 second de¬ 
lay on all controls. It should be noted that NLR used 
a stepwise linear regression procedure to estimate pa¬ 
rameter values while DLR used a ML method. The 
reduced model order is likely the reason for the im¬ 
proved longitudinal response prediction. 

With identification algorithms ranging from stepwise 
linear regression to ML each member achieved a cer¬ 
tain degree of success with time-domain identification. 
It is clear that the distinguishing factor between the 
methods lies in the details of problem set up and data 
processing rather than the algorithm. An important 
step in the identification was the estimation of aero¬ 
dynamic biases to account for residual accelerations at 
the beginning of each maneuver. Although each mem¬ 
ber included the aerodynamic biases of equation 8 in 
their parameter sets, attempts to identify models in 
which the aerodynamic biases were calculated from 
equation 9 resulted in less accurate models. 

Another important consideration is the treatment of 
nonlinear gravity and centrifugal force terms. These 
terms should not be linearised in the identification 
process to avoid introducing errors in the aerody¬ 
namic derivative estimates. They can be linearised 
to simplify model simulation during verification at 
the expense of accuracy for large amplitude maneu¬ 
vers. The final consideration is reducing the param¬ 
eter set through model structure determination tech¬ 
niques. DLR and NLR eliminated insensitive deriva¬ 
tives from the parameter sets and achieved improved 
results over MDHC and NAE which identified all of 
the aerodynamic derivatives from equation 8. 


S. Conclusions 

The models identified by WG members using several 
different techniques all predict the aircraft response 
with reasonable accuracy. Critical to the success of 
system identification are flight test data quality and 
content. Data must be evaluated for consistency to 
assure correct response identification. Data content is 
important as demonstrated by the problems in identi¬ 
fying the phugoid mode. Long period modes can not 
be identified accurately without low frequency data 
(long record lengths). Considering the different as¬ 
pects of the overall identification processes used by 
the members, it is difficult to assess the impact of any 
one procedure on the final results. The unique features 


of the DLR and NLR models which showed better re¬ 
sults, especially in longitudinal response, were the use 
of attitude measurements in the error equations and 
reduced parameter sets. In the end, identification of 
helicopter models from flight test data can be achieved 
using a variety of the techniques with acceptable ac¬ 
curacy. 
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Table 1: AH-64 Maneuvers at 130 Knots 


\ File No. 

Test/TS 

Maneuver Title 

G.W. (kg) 

Time (sec) 

1 

883/03 

Doublet Fwd-Aft (Long) 

6692 

12.0 " 

2 

883/04 

Doublet Aft-Fwd (Long) 

6692 

12.0 

3 

883/05 

Doublet Left-Right (Lat) 

6692 

12.0 

4 

883/06 

Doublet Right-Left (Lat) 

6692 

12.0 

5 

883/07 

Doublet Left-Right (Dir) 

6692 

12.0 

6 

883/08 

Doublet Right-Left (Dir) 

6692 

12.0 

7 

883/09 

Doublet Up-Down (Coll) 

6692 

12.0 

8 

883/10 

Doublet Down-Up (Coll) 

6692 

12.0 

9 

883/11 

Pulse Fwd (Long) 

6692 

12.0 

10 

883/12 

Pulse Aft (Long) 

6692 

12.0 

11 

883/14 

Pulse Right (Lat) 

6692 

12.0 

12 

884/03 

Long. FVeq. Sweep .1 to 3 Hi 

6692 

158.0 

13 

884/05 

Long. FVeq. Sweep .1 to 3 He 

6692 

138.0 

14 

884/06 

Long. FVeq. Sweep .1 to 3 Hi 

6692 

114.0 

15 

888/06 

Lat. FVeq. Sweep .1 to 3 Hi 

6590 

127.0 

16 

888/07 

Lat. FVeq. Sweep .1 to 3 Hi 

6590 

138.0 

17 

888/09 

Lat. FVeq. Sweep .3 to 13 Hi 

6590 

138.0 

18 

889/04 

Dir. FVeq. Sweep .1 to 3 Hi 

6590 

118.0 

19 

889/10 

Dir. FVeq. Sweep . 1 to 3 Hi 

6590 

141.0 

20 

890/04 

Coll. FVeq. Sweep .1 to 3 Hi 

6590 

140.0 

21 

890/06 

Coll. FVeq. Sweep .3 to 13 Hi 

6590 

131.0 


Table 2: List of Measurements for the AH-64 


| Meas. No. \ Description 

Units (sense) 

Filter Cutoff FVeq. (Hi) 

2183 

Boom Total Airspeed, V » 

knots (+ fwd) 

0 to 6 

5295 

Pilot Seat Lateral Accel, a vp 

G’s (+ rt) 

0 to 50 

5342 

Pilot Seat Vertical Accel, a, p 

G’s (+ up) 

Oto 50 

5661 

Pilot Seat Long Accel, a zp 

G’s (+ fwd) 

0 to 50 

6001 

Roll Rate, p f 

deg/sec (+ rt down) 

0 to 6 

6002 

Pitch Rate, q f 

deg/sec (+ nose up) 

0 to 6 

6003 

Yaw Rate, r f 

deg/sec (+ nose rt) 

0 to 6 

6004 

Pitch Angular Accel, q f 

deg/sec 3 (+ nose up) 

0 to 6 

6005 

Roll Angular Accel, p f 

deg/sec 3 (+ rt down) 

0 to 6 

6006 

Yaw Angular Accel, r f 

deg/sec 3 (+ nose rt) 

0 to 6 

CCC7 

CG Vertical Accel, a, t 

G’s (+ up) 

0 to 6 

6008 

CG Lateral Accel, a„ f 

G*s (+ rt) 

0 to 6 

6009 

CG Longitudinal Accel, a x f 

G’s (+ fwd) 

0 to 6 

6010 

Euler Roll Rate, f 

deg/sec (+ rt down) 

0 to 50 

6011 

Euler Pitch Rate, 9 ) 

deg/sec (+ nose up) 

0 to 50 

6012 

Euler Yaw Rate, 0 ( 

deg/sec (+ nose rt) 

0 to 50 

6046 

Vertical Velocity, w ( 

ft/sec (+ up) 

0 to 5 

9019 

Angle of Attack, a * 

deg (+ nose up) 

0 to 6 

9020 

Sideslip Angle, 0 * 

deg (+ nose left) 

0 to 6 

9021 

Roll Attitude, <t> t 

deg (+ rt down) 

0 to 6 

9022 

Pitch Attitude, 9 | 

deg (+ nose up) 

0 to 6 

9023 

Yaw Attitude, ip | 

deg (+ nose rt) 

0 to 6 

9031 

Coll. Actuator Position, 6 a 

percent (+ up) 

0 to 50 

9032 

Pitch Actuator Position, S x 

percent (+ stk aft) 

0 to 50 

9033 

Roll Actuator Position, 5„ 

percent (+ stk rt) 

0 to 50 

9034 

Yaw Actuator Position, 6 P 

percent (+ rt) 

0 to 50 

9217 

X Doppler Velocity, u 

ft/sec (+ fwd) 

0 to 6 

9218 

Y Doppler Velocity, v 

ft/sec (+ rt) 

0 to 6 


» Boom System: Sta -10.0, BL -25.0, WL 127.0 (in) 
t C.G. Sensor Package: Sta 194.0, BL 3.1, WL 142.5 (in) 

t Heading Attitude Reference System (HARS): Sta 333.4, BL 12.1, WL 104.9 (in) 


, 

ftfejcL ‘ < 
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Table S: AH-64 Stability Derivative Estimates 


Derivative 

MDHC 

NAE 

(CRB) 

DLR1 

(SD) 

DLR2 

(SD) 

DLR3 

(SD) 

NLR1 

(SD) 

NLR2 

(SD) 

mean 

SD 

Xu 

-.0036 

-.02499 

(.00074) 

-.02235 

(.00113) 

-.02929 

(.00056) 

-.02726 

(.00044) 

-.0291 

(.0041) 

-.0336 

(.0065) 

-.0243 

.0098 

x v 

-.011 

.01727 

(.00134) 






.0031 

.0200 

x w 

.034 

.01188 

(.00089) 

.01528 

(.00087) 

.02231 

(.00100) 

.02004 

(.00060) 

-.0252 

(.0022) 

-.0337 

(.0027) 

.0064 

.0255 

x p 

-.524 

.3322 

(.0388) 






-.0959 

.6054 

X , 

-.804 

.03447 

(.05973) 






-.3848 

.5929 

Xr 

-.332 

-.2861 

(.0304) 






-.3091 

.0325 

Yu 

-.018 

-.01717 

(.00110) 






-.0176 

.0006 

Yu 

-.099 

-.1136 

(.00212) 

-.1414 

(.00422) 

-.1220 

(.00262) 

-.1249 

(.00222) 

-.0884 

(.0141) 

-.1086 

(.0098) 

-.1140 

.0175 

Y w 

.039 

.02411 

(.00163) 






.0316 

.0105 

Y r 

-.254 

-.5478 

(.06522) 

-1.011 
(.1068 ) 

-.1952 

(.06880) 

-.4693 

(.05728) 



-.4965 

.3231 

Y< 

-2.70 

-2.005 

(.1086) 






-2.353 

.4914 

Y r 

.575 

1.050 

(.05253) 

-.010 
(.0928 ) 

-.490 

(.07262) 

-.410 

(.05645) 

.2675 

(• 919 °) 

.3211 

(.4036) 

.1862 

.5436 

Zu 

.021 

-.01598 

(.00618) 

.06344 

(.00686) 

.02609 

(.00254) 

.02662 

(.00250) 

.0650 

(.0179) 

-.2315 

(.0332) 

-.0065 

.1030 

z„ 

.060 

.01747 

(.0100) 






.0387 

.0301 

Zxu 

-.416 

-.4143 

(.00806) 

-.5471 

(.00566) 

-.5060 
(00563) 

-.5282 

(.00411) 

-.6406 

(.0101) 

-.3964 

(.0133) 

-.4927 

.0890 

Zp 

.394 

-1.192 

(.3002) 






-.3990 

1.1215 

Z; 

-15.2 

-11.84 

(.5276) 

-7.01 
(.3977 ) 

-4.12 
(.2957 ) 

-5.60 
(.2512 ) 



-8.754 

4.6243 

Zr 

1.83 

1.259 

(.2590) 






1.5445 

.4038 

Lu 

-.029 

-.03236 

(.00129) 

-.01997 

(.00099) 

-.00298 

(.00023) 

-.00960 

(.00025) 

-.0161 

(.0026) 

-.0124 

(.0045) 

-.0175 

.0105 

L. 

-.098 

-.1046 

(.00212) 

-.1225 

(.00274) 

-.1186 

(.00129) 

-.1062 

(.00125) 

-.0874 

(.0045) 

-.0731 

(.0030) 

-.1015 

.0172 

L w 

.034 

.04027 

(.00172) 

.01409 

(.00167) 

.01810 

(.00112) 

.02973 

(.00102) 

-.0004 

(.0039) 

.0088 

(.0026) 

.0207 

.0146 






Table 3 (cont.): AH-84 Stability Derivative Estimates 


Derivative 

MDHC 

NAE 

(CRB) 

DLR1 

(SD) 

DLR2 

iSD) 

DLR3 

(SD) 

NLR1 

(SD) 

NLR2 

(SD) 

AFDD 

(CRB) 

mean 

SD 

L p 

-2.78 

-3.189 

(.06496) 

-3.637 

(.07916) 

-3.243 

(.03962) 

-3.216 

(.04130) 

-2.073 

(.1330) 

-1.956 

(.1108) 


-2.871 

.6361 

i, 

-.21 

-.3659 

(.1103) 

.7190 
(.1103 ) 

.03991 

(.06682) 

-.5073 

(.06556) 

.6600 

(.2378) 

.1225 

(.1894) 


.0655 

.4786 

Lr 

.537 

.1554 

(.05535) 

-.01303 

(.04700) 

-1.285 

(.03477) 

-.5977 

(.03034) 

.4232 

.3253 

(.0859) 


-.0650 

.6553 

M„ 

.010 

.007582 

(.00031) 

.00273 

(.00018) 

-.00017 

(.00005) 

.000839 

(.00005) 

-.0016 

(.0015) 

-.0011 

(.0026) 


.0026 

.0045 

M v 

.017 

.01774 

(.00065) 

.02557 

(.00044) 

.01708 

(.00018) 

.01855 

(.00019) 

.0133 

(.0018) 

.0120 

(.0014) 


.0173 

.0044 

M„ 

.005 

.006841 

(.00048) 

.01301 

(.00028) 

.01069 

(.00021) 

.01199 

(.00018) 

.0129 

(.0022) 

.0035 

(.0013) 


.0091 

.0040 

M p 

.088 

.07947 

(.01913) 

.1144 

(.01397) 

-.05389 

(.00536) 

-.03866 

(.00667) 

-.1536 

(.0595) 

-.0436 

(.0560) 


-.0011 

.0975 

M, 

-.574 

-.7565 

(.03178) 

-.7741 

(.01938) 

-.7231 

(.01214) 

-.7392 

(.01169) 

-.6479 

(.1317) 

-.3043 

(.1116) 


-.6456 

.1659 

Mr 

-.092 

-.02444 

(.01477) 







-.0582 

.0478 

Nu 

-.004 

-.00395 

(.00061) 







-.0040 

.00004 

Nv 

.028 

.0274 

(.00121) 

.03936 

(.00048) 

.04298 

(.00025) 

.04371 

(.00023) 

.0371 

(.0026) 

.0328 

(.0016) 


.0359 

.0067 

N a 

-.0003 

-.00176 

(.00079) 




.0075 

(.0013) 

-.0004 

(.0009) 


.0013 

.0042 


-.122 

-.1351 

(.0365) 

-.05615 

(.01391) 

-.07313 

(.00825) 

-.0804 

(.00772) 

.0226 

(.0793) 

-.0998 

(.0540) 


-.0777 

.0521 

N, 

.701 

.7879 

(.05107) 

.6321 

(.01111) 

-.02522 

(.00974) 

.3158 

(.00813) 

.0923 

(.0839) 

.2834 

(.0614) 


.3982 

.3139 

N r 

-.642 

-.7232 

(.0274) 

-.6071 

(.00761) 

-.2457 

(.00712) 

-.4145 

(.00544) 

-.3292 

(.0693) 

-.3175 

(.0438) 


-.0175 

.1866 

T l/<* 








0.110 

(.0132) 










0.105 

(.0137) 


r u«/«x 








0.117 

(.0140) 


r 1/«o 








0.132 


r r/So 








0.104 


T a, /So 





— 



0.031 




8-12 


Table 4: AH-64 Control Derivative Estimates 


Derivative 

MDHC 

NAE 

(CRB) 

DLR1 

(SD) 

DLR2 

(SD) 

DLR3 

(SD) 

NLR1 

(SD) 

NLR2 

(SD) 

AFDD 

(CRB) 

mean 

SD 

X»o 

.006 

-.00550 

(.00068) 







.0003 

.0081 

x 6z 

-.025 

-.03905 

(.00102) 

-.03540 

(.00115) 

-.03509 

(.00137) 

-.03561 

(.00087) 

-.0443 

(.0040) 

-.0798 

(.0051) 

-.0317 

(.0019) 

-.0407 

.0167 

X 6v 

.005 

-.0202 

(.00163) 







-.0076 

.0178 

x e „ 

-.008 

.01011 

(.00081) 







.0011 

.0128 

Y s „ 

.049 

.02572 

(.00120) 







.0374 

.0165 

Y it 

.046 

.03691 

(.00174) 







.0415 

.0064 

Y tv 

.015 

.02877 

(.00262) 

.03485 

(.00354) 

.01495 

(.00285) 

.02427 

(.00222) 

.0108 

(.0130) 

.0011 

(.0109) 


.0185 

.0115 

Y f „ 

-.031 

-.02912 

(.00122) 

-.000405 

(.00191) 

-.00307 

(.00155) 

-.00392 

(.00126) 

.0132 

(.0123) 

-.0098 

(.0098) 


-.0092 

.0159 

%6o 

-.153 

-.1711 

(.00133) 

-.2643 

(.00500) 

-.2267 

(.00533) 

-.2585 

(.00405) 

-.2594 

(.0230) 

-.2705 

(.0238) 

-.314 

-.2397 

.0537 

Z*. 

.056 

.05093 

(.00865) 

-.1407 

(.00592) 

-.06232 

(.00607) 

-.1044 

(.00454) 

-.2067 

(.0180) 

.0512 

(.0253) 

-.234 

(.00936) 

-.0737 

.1177 

Zip 

.041 

.09615 

(.01217) 







.0686 

.0390 

Zip 

-.018 

-.05368 

(.00582) 







-.0358 

.0252 


.021 

.03025 

(.00133) 

.01401 

(.00131) 

-.00584 

(.00100) 

.01851 

(.00086) 

-.0062 

(.0037) 

.0138 

(.0030) 


.0122 

.0136 

u. 

.010 

.01524 

(.00179) 

-.02950 

(.00191) 

-.04714 

(.00145) 

-.02092 

(.00112) 

-.0069 

(.0044) 

-.0170 

(.0039) 


-.0137 

.0219 


.124 

.1408 

(.00266) 

.1401 

(.00270) 

.1349 

(.00137) 

.1386 

(.00153) 

.0973 

(.0054) 

.0925 

(.0046) 


.1240 

.0207 


-.045 

-.04902 

(.00120) 

-.0208 

(.00100) 

-.02164 

(.00056) 

-.02220 

(.00061) 

-.0434 

(.0028) 

-.0290 

(.0023) 


-.0330 

.0124 


.006 

.007765 

(.00034) 

.01122 

(.00020) 

.01265 

(.00018) 

.01178 

(.00016) 

.0125 

(.0022) 

.0085 

(.0017) 

.0169 

.0109 

.0034 

x 

.017 

.01952 

(.00052) 

.02753 

(.00033) 

.02879 

(.00026) 

.02722 

(.00020) 

.0254 

(.0023) 

.0227 

(.0019) 

.0317 

(.00095) 

.0250 

.0049 

Mfty 

-.009 

-.00976 

(.00082) 

-.00808 

(.00046) 

.000030 

(.00022) 

-.00235 

(.00026) 

-.0008 

(.0025) 

-.0026 

(.0023) 


-.0047 

.0041 


.002 

.002526 

(.00041) 







.0023 

.0004 

N (o 

.004 

.000353 

(.00059) 

,00288 

(.00020) 

.00907 

(.00022) 

.00641 

(.00017) 



.017 

.0066 

.0059 

N ix 

-.015 

-.01946 

(.00088) 

-.01495 

(.00026) 

-.00136 

(.00023) 

-.00876 

(.00018) 




-.0119 

.0070 

Ns v 

.010 

.01122 

(.00155) 

.00786 

(.00055) 

.00264 

(.00034) 

.00182 

(.00033) 

.0013 

(.0032) 

.0029 

(.0022) 


.0054 

.0042 

Ni„ 

.028 

.03150 

(.00073) 

.02932 

(.00022) 

.02489 

(.00015) 

.02912 

(.00015) 

.0265 

(.0016) 

.0231 

(.0011) 


.0275 

.0029 
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Table 5: MDHC Eigenvalues for the AH-64 


Eigenvalue 

fVequency {rad/s) 


Mode 

-.020 



Spiral 

.143 ±t .266 

.32 

-.45 

Phugoid 

-.321 



Pitch Mode 1 

-1.25 



Pitch Mode 2 

-2.98 



Roll 

-.118 ±t 1.53 

1.53 

.077 

Dutch roll 


Table 6: DLR Eigenvalues for the AH-64 


DLR-1 

Eigenvalue 

FVequency (rod/ 5 ) 

Damping 

Mode 

-.0099 



Spiral 

.141 ± t.151 

.206 

-.68 

Phugoid 

-.220 



Pitch Mode 1 

-1.633 



Pitch Mode 2 

-3.810 



Roll 

-.1695 ±>1.726 

1.735 

.0977 

Dutch Roll 


DLR-2 

Eigenvalue 

FVequency (rad/s) 

Damping 

Mode 

-.0544 



Spiral 

.0632 



Phugoid 

.200 



Phugoid 

-.110 



Pitch Mode 1 

-1.423 



Pitch Mode 2 

-3.390 



Roll 

-.0771 ± t 1.777 

1.778 

.0433 

Dutch Roll 


DLR-3 

Eigenvalue 

FVequency [rad/)) 

Damping 

Mode 

-.0279 



Spiral 

.135 ±i .089 

.162 

-.835 

Phugoid 

-.162 



Pitch Mode 1 

-1.542 



Pitch Mode 2 

-3.358 



Roll 

-.115 ± t 1.793 

1.797 

.0641 

Dutch Roll 


Table 7: NAE Eigenvalues for the AH-64 


Eigenvalue 

FVequency (rad/ j) 

Damping 

Mode 

-.0036 



Spiral 

.101 ± i .2382 

.259 

-.39 

Phugoid 

-.3357 



Pitch Mode 1 

-1.4662 



Pitch Mode 2 

-3.4044 



Roll 

-.1069 ±> 1.460 

1.464 

.073 

Dutch roll 
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Table 8: NLR Eigenvalue* for the AH-84 


NLR-1 

Eigenvalue 

Frequency ( rad/i ) 

Damping 

Mode 

-.1669 




.0028 ± i .1201 

.120 

-.023 

Phugoid 

.2177 



Pitch Mode 1 

-1.538 



Pitch Mode 2 

-2.108 



Roll 

-.1099 ± t 1.586 

1.590 

.0691 

Dutch Roll 


NLR 2 

Eigenvalue 

Frequency (rad/s) 

Damping 

Mode 

-.0526 



Spiral 

-.0987 ± t .2035 

.226 

.4363 

Phugoid 

.3009 



Pitch Mode 1 

-.8923 



Pitch Mode 2 

-2.139 



Roll 

-.0679 ± j 1.610 

1.611 

.0421 

Dutch Roll 


Table 9: Estimated Eigenvalues from AH-64 Flight Data 


Eigenvalue 

Frequency (rod/i) 

Damping 

Mode 

.087 ± t .29 

.30 

-.29 

Phugoid 

-.083 ±» 1.64 

1.65 

.05 

Dutch roll 
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Control Input Time Histories for Identification Files 














Identification Result: Comparison of Measured Data and the MDHC Identified Model 












Figure 5: Identification Result: Comparison of Measured Data and the NAE Identified Model 





















Figure 7: Control Input Time Histories for Verification Files 



























Figure 9: Verification Rasult. Comparison of Measured Data and the NAE Identified Model 























Verification Result: Comparison of Measured Data and the NLR-1 Identified Model 
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1. Summary 

BO 105 flight test data generated particularly for sys¬ 
tem identification purposes were provided to the 
AGARD Working Group WG 18 on Rotorcraft 
System Identification This lecture first summarises 
the accomplishments of the Working Group for the 
data consistency analyses, and the identification and 
verification results for 6 degrees of freedom models. 
The individually applied approaches arc described 
and representative results are presented It is shown 
that the flight test data were appropriate for use of 
system identification. The discussion of the identifi¬ 
cation and verification results demonstrates that there 
are significant differences depending upon the applied 
identification technique. The Lecture finally addresses 
the identification of higher order models and presents 
some results obtained for an extended model with 
rotor degrees of freedom. 


2. Introduction 


A flight test program was conducted on a DLR BO 
105 helicopter to obtain data especially designed for 
system identification purposes. Trim configuration 
was steady state horizonal flight at 80 knots at a 
density altitude of about 3000 feet. Selected data runs 
were provided to the AGARD Working Group WG 
18 on Rotorcraft System Idenlijkation to be used as 
one common data base (together with data bases of 
the AH-64 from MIMIC and SA330 (PUMA) from 
RAF) for 

1. data consistency analysis, 

2. identification of 6 degrees of freedom models, 
and 

3 verification of the identified models. 

The accomplishments and results of the Working 
Group have been documented as an AGARD Advi¬ 
sory Report [1], This Lecture concentrates on the 
results obtained from the evaluation of the BO 105 
flight test data. It is mainly based on the results gen¬ 
erated by the Working Group. In addition, the iden¬ 
tification of higher order models is addressed. 

After a brief description of the IK) 105 helicopter, it 
is concentrated on the flight tests and the results of 
data consistency analyses. Identification approaches 
applied by the individual WG Members are charac¬ 


terised and the obtained id. ntification results are 
presented in the format of tables and representative 
time history and frequency response plots Verifica¬ 
tion results for the identified models are shown. Both, 
identification and verification results are discussed in 
detail. Finally, it is concentrated on the identification 
of an extended model including rotor degrees of free¬ 
dom and results obtained for a 16th order model are 
presented 


3. Description of BO 105 

The BO 105 is designed as a multiple purpose light 
helicopter. Typical use of the highly manocuvrcable 
twin engine vehicle arc tianspoit, offshore, police, 
and military missions. An important design feature is 
the hingelcss rotor system with four fiber-reinforced 
composite rotorblades. There are no additional 
lead/lag dampers The semi-rigid teetering tail rotor 
is on the left side of the helicopter, working as a 
pusher. 

Pilot control inputs arc augmented by two parallel 
hydraulic servo systems. There is no specific mixing 
unit, so that control inputs are only mixed at the 
swash plate. The BO 105 is equipped with two Alli¬ 
son 250 C20 engines located above the cargo com¬ 
partment 

DLR operates two different BO 105 helicopters. The 
first one is the standard serial type (BO 105-SI23'' 
shown in Figure 1 Its instrumentation is designed to 
meet the requirements of two DLR institutes, the 
Institut for Flight Mechanics and the Institut for 
Flight Guidance and Control, both located in 
Braunschweig This helicopter was used to generate 
the system-identification flight-test data provided to 
the Working Group. The second DLR helicopter 
(BO 105-S3) has been modified for the use as an 
in-flight simulator. For this ATTIIcS helicopter 
(Advanced Technology Testing Helicopter System) a 
model-following control system was developed at 
DLR. Here, highly accuiatc BO 105 mathematical 
models were required and the research work con¬ 
ducted at DLR has shown that system identification 
is the best suited tool to generate such models [2]. 

To give an impression on the helicopter size and 
basic characteristics, a three view drawing of the 
BO 105 is given in Figure 2 and some more details 
are provided in Table 1. 


4. Flight Testing and Data Evaluation 

lire identification of dynamic systems is always based 
on the evaluation of the relationship between the 
measurements of the control inputs and the resulting 
system response. Therefore, accurate measurements 
are an indispensable prerequisite for a reliable iden¬ 
tification. Usually results are obtained from one flight 
test run I lowever, when the time duration of the test 
is too short or when the system is rather complex, the 
information content of a single run can be insuffi¬ 
cient. This is often the case for the identification of 
helicopters as a high number of unknowns must be 
determined and the data run length is limited due to 
helicopter instabilities. To still provide more infor¬ 
mation for the identification algorithm it is possible 
to simultaneously evaluate different test runs and 
generate one common model. This method, known 
as multiple or concatenated run evaluation has 
become a common approach in rotorcraft identifica¬ 
tion. However, it can only be applied when the con¬ 
catenated runs have practically the same initial flight 
test conditions and helicopter and instrumentation 
status. Therefore, the DLR BO 105 flight test data 
provided to the Working Group were generated 
within one flight test program. The tests were espe¬ 
cially designed for system identification purposes with 
particular input signals and carefully controlled initial 
conditions and conduct of the tests. 

The flight test data evaluation with respect to the 
generation of appropriate data and the analysis of the 
data quality can be separated into three major steps' 

1 on-line data control dining the flight tests, 

2 first off-line data quality assessment immediately 
after each flight, 

5 detailed data consistency analysis after the end 
of the flight test program. 

The first two steps were done by DLR before the 
data were released to the Working Group Then, the 
more thorough analysis was performed by the 
Working Group. In this section, the approaches and 
obtained results are presented. 


4.1 On-line data control 

During the flight tests the measured signals were sent 
by telemetry to a ground station. They were plotted 
in the form of quick-look plots and, in addition, 
selected variables were shown on a monitor The 
objectives of ttie quick-look evaluation were 

1 to control the conduct of the flight tests and give 
recommendations to the pilot, 

Main emphasis was placed on the atmospheric 
conditions, the proper input signal and the air¬ 
craft response The tests were flown in calm air 
to avoid gust disturbances. I lere, pilot comments 


proved to be very helpful. Based on outside 
temperature measurements on board of the heli¬ 
copter, the required pressure altitude was iter¬ 
atively detennined to make sure that all tests 
were flown at the same aii density level. 

1 he input signals were generated by the pilot. 
Within one test run only one control was used 
to excite the on-axis response and to avoid cor¬ 
relation with other controls After an accurate 
trim configuration was reached, the on-line data 
evaluation concentrated on the shape of the 
input signal and possible control coupling Then, 
it was checked if the resulting helicopter response 
met two main criteria: 

• As the models to be identified are based on 
small perturbation assumptions, the. 
response amplitudes should not be too 
large As a certain guideline: the pitch and 
roll angles should not exceed 25 to 30 
degrees. 

• Hie total time length of the test should at 
least be about 25 seconds to provide suffi¬ 
cient information about the phugoid mode 

2. to detect data errors, 

The on-line quick-look helped in detecting 
major and obvious data errors like sensor mal¬ 
functions, signal saturations, larger sensor drifts, 
data drop outs, noise disturbances, etc.. But it 
has to be considered that only some selected data 
channels can be observed on-line and therefore, 
a more detailed data analysis after the flight is 
necessary. 

3 to decide if the test is acceptable 

Based on the quick-look evaluation and pilot 
comments it was decided after each test if the test 
was acceptable. When it had to be repeated, 
recommendations were given to the pilot, such 
as improvement of trim, adjustment of control 
input amplitudes, input signal generation, etc 


4.2 First off-line data quality assessment 

Experience in working with measured data has shown 
that significant errors in the data can occur although 
great efforts were made to generate accurate data 
Unfortunately, errors are often only detected during 
the evaluation phase, when all flight tests arc com¬ 
pleted and the instrumentation system has probably 
already been modified for other tests. Then, flight 
tests cannot be repeated and often it is difficult or 
impossible to find the physical error source and to 
correct the data To reduce this risk it is necessary to 
carefully check the data quality immediately after 
each test. Therefore, plots of all measured data from 
the BO 105 data tape were produced for a detailed 
visual inspection. Emphasis was placed on both data 
suitability for identification and the detection of 
errors: 




• physically meaningful data, 

With some knowledge of the helicopter response 
due to a control input most of the measurements 
can easily be checked for 

- correct sign, 

- realistic magnitude, 

- noise level, 

• signal saturation and resolution, 

In preliminary tests the expected maximum hel¬ 
icopter response for the specific tests was deter¬ 
mined. Based on these measurements, sensors 
were selected with an appropriate measuring 
range. The digitization range was fitted to the 
expected response range. Both actions help to 
improve the data accuracy and resolution 
However, they also increase the risk of data sat¬ 
uration due to a liigher amplitude response or 
higher noise level as expected 

• data drop outs, 

For the BO 105 flight tests, unaltered data were 
recorded. Therefore, data drop outs are seen as 
large spikes in time history plots and can easily 
be detected. If only a few drop outs occur it is 
relatively easy to correct the data by removing 
the erroneous samples and icplace them by 
interpolated data. However, some inaccuracy 
must be accepted, which is particularly true in 
data parts with higher dynamics. The major 
'danger' of data drop e Jts occurs when data are 
filtered. Then the errors are no longer obvious 
and can cause significant inaccuracies in the data 

• data recording errors, 

• any other data irregularities. 

In addition to the visual data check, a first data 
compatibility analysis was conducted. Using a fast 
Ivcast Squares technique, the consistency of the rota¬ 
tional measurements (rates and angular measure¬ 
ments) and the translational measurements (linear 
accelerations and speed components) was investi¬ 
gated. Scale factors, offsets and drifts can be deter¬ 
mined. This techniques is applied routinely in DLR 
flight tests and proved to be a very efficient approach 

Before the BO 105 flight test data were provided to 
the Working Group, first data quality checks and 
compatibility analyses were performed by DLR to 
ensure that the data did not contain significant defi¬ 
ciencies. 


4.3 BO 105 Data Base provided to the Working 
Group 

From all flight tests, 52 runs were selected by DLR 
and provided to the Working Group Members. They 
are listed in 'fable 2 Flight test data obtained from 
three different input signals were provided: 


1. a modified multi-step 3211 input signal with a 
total time length of 7 seconds, 

2. a frequency sweep from about 0 08 Hz up to the 
highest frequency the pilot could generate. Time 
length of the sweep was about 50 seconds fol¬ 
lowed by the retrim to the initial steady state 
condition (important for frequency domain 
evaluation). 

3 a doublet with a total time length of 2 second. 

Flight data with the input signal starting in opposite 
direction were generated for the 3211 and doublets 
For redundancy reasons, one or two repeats of each 
test were provided (see Table 2). Within a run, only 
one control was used to excite the on-axis response. 
For the flights with 3211 and doublet inputs the 
controls were held constant after the end of the input 
for at least 20 seconds. Because of the long time 
duration of the frequency sweeps, these tests required 
stabilization by the pilot to keep the aircraft response 
within the limits of small perturbation assumptions 
for linear mathematical models. To help the pilot 
generate the inputs, a CRT was used that showed 
both the desired input and the actual control move¬ 
ment (Figure 3). For the sweeps, the CRT showed 
the lowest frequency as a 'starting' help. Then, the 
pitot progressively increased the frequency on his 
own. 

The measured variables provided to the Working 
Group are given in Table 3 and Table 4. As a rep¬ 
resentative example from the data base, Figure 4 
gives the roll and pitch rate responses due to the three 
input signals in the same scales. It shows that the 
input amplitudes were adjusted to generate similar 
helicopter on-axis response magnitudes. It also dem¬ 
onstrates the highly coupled BO 105 characteristic: 
the (coupled) roll rate response due to a longitudinal 
stick input is as high as the primary pitch rate 
response. More time histories of the measurements 
will be given in section 5, when identification results 
are discussed. 


4.4 Detailed data consistency analysis in the 
Working Group 

Based on the initial data check results from the 52 
data files, DLR suggested a minimum data sc' of four 
runs with .321 i input signals to be used for the iden¬ 
tification and another set of 4 data runs with doublet 
control inputs to be applied for the verification of the 
identified models. Each of these data groups included 
one run for each control. This proposal was made to 
reduce the amount of work for each Member and to 
make results comparable. For the AFDD frequency 
domain technique the sweep inputs were used for 
identification. 

All Members used the same principle approach to 
check the data quality. It is based on the comparison 
of redundant measurement: rates and angular meas¬ 
urements are physically related by the equations 


<I> = p + sin O tan 0 q + cos <I> tan 0 r 
0 = cos <t> q — sin d> r 

cos © cos 0 

The relationship between linear accelerations and 
speed components is given by 

u = a x -gsin0-wq + vr 
v = a y + g sin <J> cos © - u r + w q 

w = a z + g cos <I> cos © - v p + u q 

In these nonlinear equations, linear accelerations and 
rates are taken from measured data and used as 
'control' inputs. The integration then yields calcu¬ 
lated angles and speed components that can be com¬ 
pared to the measured ones. When differences are 
seen, a more detailed analysis is needed to isolate the 
error sources. In general it is tried to estimate scale 
factors or zero offsets (biases) for the measured data. 
Depending on the applied method, the estimation 
procedure is different in its power and complexity. 
When the technique does not allow the integration 
of nonlinear systems, all variables on the right hand 
side are taken from measurements. Then, all terms 
are known and the equation system can easily be 
integrated. When nonlinear systems can be handled, 
there is more flexibility with respect to the use of the 
attitude angles and speed components: each of these 
variables can either be treated as a known measured 
control or as a state variable obtained from the actual 
integration. This possibility is very useful to isolate 
erroneous data channels. However, independent from 
the applied method, some general statements can be 
made from the BO 105 data evaluation: 

1. Due to parameter correlations it is not possible 
to estimate all scale factors and biases for all 
measurements. Based on the assumption that 
rate gyros and linear accelerometers arc the more 
reliable sensors, the usual approach therefore is 
to estimate: 

* scale factors for attitude angles and speed 
components, 

• and/or biases for rates and linear acceler¬ 
ations. 

2. The error estimation for the angular motion 
equations causes no major problems. 

3. The determination of errors for the translational 
motion equations is more difficult because of 
some unique problems: 

The equations arc coupled with the rotational 
equations by the gravity terms. As they have a 
significant effect, errors in the attitude data also 
liighly influence the comparison of the speed 
data. 


The linear acceleration measurements have a 
high noise level due to vibrations Helicopters, 
and in particular rigid rotor helicopters like the 
BO 105, generate only small accelerations in the 
longitudinal and lateral body-fixed axes as the 
acceleration components due to a speed change 
arc practically compensated by the gravity com¬ 
ponents. The fact that, on the one side, sensors 
must have a high measuring range due to the 
noise level whereas, on the other side, the signal 
to noise ratio is small (about 0.1 for the BO 105) 
reduces the high measurement and resolution 
quality of the linear acceleration data. This is 
particularly the case for the longitudinal and lat¬ 
eral accelerations. 

Measurement of aircraft speed components is 
still a major problem and the obtained accuracies 
are significantly lower than those of the or linear 
accelerations or angular data. This is also true for 
the helicopter air data system, which is installed 
on the BO 105. For the considered flight condi¬ 
tion of about 80 knots it cannot improve the 
data quality in comparison to other data sources 
like noseboom mounted vanes and pressure 
sensors 

In the Working Group, AFDD, CERT, DLR, NAE, 
and NLR performed data consistency checks for the 
BO 105 data. In the following, the individual 
approaches arc characterized. 

AFDD 

Extensive work on data consistency for all provided 
BO 105 data runs was done by AFDD. First results, 
presented in [3], were obtained fiom the separate 
evaluation of each individual run. A more detailed 
study, including concatenated evaluations, is given 
by [4], The Kalman Filter Smoother program 
SMACK (Smoothing for AirCraft Kinematics) 
developed at the Ames Research Center was 
employed. The algorithm is based on a variational 
solution of a six degrees of freedom linear state and 
non-linear measurement model and employs a for¬ 
ward smoother and zero-phase-shift backward infor¬ 
mation filter. The solution is iterative, providing 
improved state and measurement estimates until a 
minimum squared-error is achieved. Linearization is 
about a smoothed trajectory and convergence is 
quadratic [5] 

Consistency checks were performed in two steps: 

1. a preliminary three degrees of freedom check 
including only the Euler angle and body angular 
rate measurements, 

2. a final six degrees of freedom check including the 
angular variable measurements and the air-data 
and linear specific force measurements. 

This approach allowed initial estimation of the 
angular-variable error parameters to be performed 
unbiased by the noisier air-data and specific-force 
measurements. The values estimated in the angular 
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solution and their variances were then used as start¬ 
up values in the final overall solution. This two-step 
procedure resulted in a final solution with smaller 
parameter Cramer-Rao bounds and quicker conver¬ 
gence than a one-step coupled solution. The obtained 
results are included in Table 5 and Table 6. 

CERT 

CERT has used an output error minimization tech¬ 
nique to estimate scale factors, biases and initial 
conditions. From the obtained results it was con¬ 
cluded, that the measurement errors were not so sig¬ 
nificant to justify use of reconstructed data. 

DLR 

The airdata measurement problem has already been 
addressed. In the flight tests the measured lateral 
speed was about 4 m/sec and the vertical speed about 
-5 m/sec. It was felt that these values were not real¬ 
istic and contained offsets. Therefore, for each run, 
the initial vertical trim speed was calculated from 
steady state horizontal flight using forward speed and 
pitch angle (this approach was also used by NAE). 
The lateral speed could not be determined from other 
measurements. As the pilots were asked to minimize 
the sideslip during trim, the initial lateral speed was 
assumed to be zero. 

For the state estimation, DLR used the Maximum 
Likelihood program that is also applied for system 
identification. The nonlinear kinematic equations 
were integrated, where the measured rates and linear 
accelerations were treated as 'inputs' and all other 
variables were used as states. Calculated attitude 
angles, heading, and speed components were 
obtained. Comparing the derived time histories with 
the measured data two groups of unknowns were 
estimated: 

• scale factors for the speed components, attitude 
angles and heading, 

• biases (offsets) for the rates and linear acceler¬ 
ations. 

Both, single and concatenated files were evaluated. 
The final results, obtained from all files as well as 
from the suggested files are given in Table 5 and 
Table 6. 

NAE 

Consistency checks were performed on all data files. 
'ITie data was initially lowpass filtered with a Butter- 
worth fourth-order zero phase shift filter with a cutoff 
frequency of 4 Hz. After lowpass filtering, the data 
was sampled at 20 Hz, excluding the first and last 
50 points. 

Biases in the data were estimated with a Least 
Squares method. The measurements used were: speed 
components, linear accelerations, rates, attitude 
angles and heading. The Least Squares procedure is 
outlined below. 


1 Integrate Euler rates with measured Euler angle 
initial conditions and use Least Squares to 
determine the 6 biases for the measured attitudes 
and rates. 

2. The corrected Euler angles and rates are used in 
the angular kinematic equations to determine 
biases in the body angular rates. 

3. The corrected body angular rates and attitudes 
enter the translational kinematic equations for 
de'ermination of biases in the velocities and 
translational accelerations. 

Angular data were found to be of good quality and 
they were then used without any changes for the 
identification. Speed data, however, were felt to be 
not acceptable and therefore, for all three speed 
components, reconstructed data were generated. 

NLR 

The BO 105 data were originally provided with a 
sampling rate of 100 Hz. This sampling rate was 
reduced to 25 Hz. No filter was used for the data 
reduction. Then NLR applied an output error tech¬ 
nique, which uses the nonlinear kinematic equations 
to estimate measurement biases. Various data runs 
were evaluated. The obtained results for the biases 
were comparable with the biases obtained from the 
combination of the four data runs that were suggested 
for identification. Visual inspection of the recon¬ 
structed time h.stories with the measured ones con¬ 
firmed that the quality of the measured data is satis¬ 
factory and no significant errors were detected The 
measured linear acceleration., and rates were corrected 
by the identified biases and the reconstructed speed 
components were generated for the use in the iden¬ 
tification. 

The estimated bias terms for the linear accelerations 
and rates obtained from tht data consistency checks 
of the four combined runs are given in Table 6. 


4.5 Discussion of results 

In the following, results obtained from the data con¬ 
sistency analysis are illustrated by representative plots 
and the estimated scale factors and biases are sum¬ 
marized in the form of tables. 

In Figure 5 and Figure 6 measurements from two 
flight tests are shown. Modified 3211 input signals 
were used for the longitudinal stick (in the first run) 
and for the pedal (in the second run). Figure 5 com¬ 
pares the measured speed components, attitude 
angles and heading to reconstructed data. All scale 
factors were assumed to be one. It is dearly seen that 
angular variables are in good agreement, whereas the 
speed components show larger differences In partic¬ 
ular, in the lateral speed data two defidencies are 
obvious: 

1. In the first run there are two sections with 'data 
drop outs' where the sensor was affected by the 
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rotor downwash when the helicopter is in climb 
and 

2. a scale factor error, which is best seen during the 
time of the pedal input. 

The longitudinal and vertical speed data show some 
smaller differences. In a second data consistency 
evaluation, scale factors were estimated. The factors 
for the angular data stayed at about one. For the 
speed components, however, scale factors of about 
0.9 for the both the longitudinal and vertical speed, 
and 0.7 for the lateral speed were identified. (Defi¬ 
nition: Measurement = Scale factor * Reconstructed 
Data). Figure 6 compares the obtained reconstructed 
data with scale factor corrections and the measure¬ 
ments 

Table 5 and Table 6 summarize the results obtained 
from the data consistency analysis conducted be 
AFDD, DLR, and NLR, Two different cases must 
be distinguished- 

1 Whe all data runs were considered, each run 
was evaluated separately Then, the mean values 
and the so called 'practical' standard deviations 
were calculated from all individual results. 

2. When only the suggested four data runs were 
considered, they were concatenated so that one 
single result was obtained. Then, the standard 
deviation given in the table corresponds to the 
Cramer-Rao lower bound. 

Scale factors and their standard deviations are given 
in Table 5. For the angular measurements they are 
close to one and indicated a high data consistency 
between the measurements of the rates and angles. 
The scale factors for the forward and vertical speed 
data are about 0.9 and may be acceptable. But for the 
lateral speed component there are larger deviations 
from one and a higher standard deviation. This result 
is in agreement with the visual inspection of 
Figure 5 and Figure 6. 

Table 6 gives the identified biases for the linear 
accelerations and rates. The small values confirm the 
reliability of the measurements. 

When deficiencies in measured data arc detected, the 
analyst has to decide how to use this information. In 
the case of the BO 105 speed measurements, the 
choice couid be made to cither use the measured or 
the reconstructed data. On the one hand, the meas¬ 
ured data can still provide useful speed information 
although they may, not be fully compatible with the 
other measured signals (e.g. linear accelerations). On 
the other hand, compatible reconstructed data can 
be generated. However, they are derived from the 
linear accelerometer and vertical gyro signals and 
therefore transfer errors from these instruments into 
the calculated speed data. 

Both approaches have their advantages and disad¬ 
vantage. Consequently, different decisions were also 
made by the Working Group Members. CERT, 
DLR, and University of Glasgow used the measured 


data, whereas AFDD, NAE, and NLR replaced the 
measurements by reconstructed speed data. 


5. Identification of 6 degrees of freedom 
Models 

Based on the results from the data consistency anal¬ 
ysis of all data files provided to the Working Group, 
DLR selected eight flight tests for a more detailed 
evaluation. Working Group Members then concen¬ 
trated on this smaller common data base to make the 
obtained identification results better comparable The 
eight files were divided into two different data sets 
with four files each: 

1. one run with a longitudinal stick control input, 

2. one run with a lateral stick control input, 

3. one run with a pedal control input, 

4. one run with a collective control input. 

For the first data set, flight tests with 3211 control 
inputs were selected to be used for the identification. 
The second data set with doublet control inputs was 
suggested for the verification of the obtained identi¬ 
fied models. For the 'identification data runs' it was 
proposed to use the first 27 seconds of each data run. 

Identification results obtained from the suggested 
data runs with 3211 inputs weie provided by CER T, 
DLR, NAE/University of Toronto, Glasgow Uni¬ 
versity, and NLR. AFDD provided results obtained 
the flight tests with frequency sweep control inputs. 
In this section, the identification approaches arc 
characterized. Then, the identification results are 
summarized in the format of tables of derivatives and 
eigenvalues. Representative time histories and fre¬ 
quency responses are presented for the comparison 
of measured data and the response of the identified 
models. 


5.1 Identification approaches 

All Working Group Members used a coupled six 
degrees of freedom rigid body model as derived in the 
Lecture on Identification Techniques [6] for the 
identification. Main differences in the model struc¬ 
tures were the treatment of the nonlinear kinematic 
and gravity terms, the number of derivatives to be 
identified, and the determination of equivalent time 
delays. In the following, these topics arc discussed in 
more detail: 

• Treatment of the nonlinear kinematic and gravi¬ 
ty terms, 

Including nonlinear terms in the state equations 
requires that the actual model states are used in 
the nonlinear terms, like the state variable 0 in 
the gravity term g ■ sin ©. Consequently, an 
identification method is needed that can handle 
nonlinear state equations in both the estimation 
of the unknown parameters and the calculation 
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of the model responses. Such a 'nonlinear 
method' was only applied by DLR. As most 
computer codes for system identification are 
written for linear systems, nonlinear terms have 
also to be linearized or, as a compromise, so 
called 'forcing functions' arc used. Here, the 
variables in the nonlinear expressions are taken 
from the measured data, e g. the measured @ in 
g • sin 0. Then the nonlinear terms can be cal¬ 
culated and are treated like known control inputs 
(pseudo controls) in the integration of the state 
equations. This 'forcing function' approach was 
applied by NAE. All other Working Group 
Members used fully linearized models. 

• Number of derivatives to be identified, 

The definition of an appropriate model structure 
still is one of the basic and essential problems in 
system identification. It is present standard in 
rotorcraft identification to work with linear cou¬ 
pled six degrees of freedom rigid body models. 
They have proved to be suitable for various 
applications. The more difficult problem is to 
decide which parameters in the state equations 
can be identified or can be neglected or set to a 
fixed value. The determination of too many 
unknowns can lead to severe convergetice prob¬ 
lems in the identification and to high correlations 
between the individual parameters, causing inac¬ 
curacies and large variances in the estimates. 
When, on the other side, the number of 
unknowns is reduced and significant parameters 
are neglected, the model can no longer ade¬ 
quately describe the helicopter dynamics. There 
is not yet an unique solution to this model 
structure problem and consequently, the models 
used for the BO 105 identification in the Work¬ 
ing Group ranged from models with almost all 
parameters included to highly reduced models 
From totally 60 possible derivatives, NAE iden¬ 
tified 58 parameters, whereas in the model of the 
Glasgow University the number of unknowns 
was reduced to 30 parameters. In such reduced 
models, the derivatives that are neglected and not 
identified are usually set equal to zero or alter¬ 
natively, are fixed at values obtained from simu¬ 
lation or wind tunnel results. In the Working 
Group, neglected derivatives were assumed to 
be zero. 

• Determination of equivalent time delays. 

Six degrees of freedom rigid body models show 
an immediate on-axis (linear and rotational) 
acceleration response due to control inputs. The 
helicopter response however is delayed mainly 
due to the dynamics of the rotor and the 
hydraulic actuators. To approximate their 
effects, equivalent time delays for the controls 
are usually used. This approach has proved to 
be suitable and can be considered as a reasonable 
compromise to extending the model order by 
additional degrees of freedom. 


For the evaluation of the BO 105 data base, signif¬ 
icantly different identification techniques were 
applied. Time- and frequency-domain approaches as 
well as Least Squares and Maximum Likelihood 
identification criteria were used. In the following, the 
individual identification approaches arc characterized. 

5.1.1 Time-domain identification techniques 

Most of the WG Members applied time-domain 
techniques: 

CERT 

CERT applied a Maximum Likelihood output error 
technique for the identification of linear models. The 
proposed four BO 105 data files were concatenated 
and evaluated without further modifications. The 
measurement vector (variables to be fitted by the 
model response) included 11 variables: linear acceler¬ 
ations, speed components, rates, attitude and roll 
angles. ’ILe structure of the linear model was reduced 
to 35 derivatives to be identified. 

DLR 

As a first step, equivalent time delays between the 
control inputs and the on-axis acceleration responses 
were determined by a cross-correlation technique. 
The measured control time histories were then shifted 
by these time delays. For the identification, a Maxi¬ 
mum Likelihood method was used that allows the 
estimation of nonlinear models. Therefore, the kine¬ 
matic and gravity terms in the state equations were 
kept nonlinear and calculated from the model 
response data. The other terms were linear. Based on 
first identification results, the significant and identifi¬ 
able derivatives were determined by evaluating the 
inverse of the information matrix which gives the 
standard deviations (Cramer-Rao lower bounds) and 
the correlation between individual parameters. In the 
final model structure, 38 derivatives were identified. 

For the identification, the measured data were used 
without modifications except for the lateral and ver¬ 
tical speed. For the horizontal flight trim condition, 
the lateral speed was about 4 m/scc and the vertical 
speed about -6 m/sec. These values were felt to be 
unrealistic and therefore, the lateral speed measure¬ 
ments were corrected to a zero value in trim. The 
'true' steady state for the vertical speed was recon¬ 
structed from forward speed and attitude angle mea¬ 
surements. Such corrections in the initial conditions 
are necessary for nonlinear models as they use total 
amplitude values, whereas for linear systems, the 
steady state is usually subtracted from the measure¬ 
ments so that the data tepresent only the deviations 
from trim. 

The measurement vector included 14 variables: linear 
accelerations, speed components, rates, attitude and 
roll angles, and rotational accelerations. A concat¬ 
enated run evaluation was used, however for each 
individual run the initial conditions were fixed at the 
mean value of the first data points, ■< >.d offsets in the 
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controls and most of the measurement variables were 
identified in form of bias terms. 

NAE 

Based on the results from the data consistency eval¬ 
uation, the measured speed data were felt to be inad¬ 
equate to be used in the identification. 'Therefore, 
NAE concentrated on the reconstruction of more 
reliable speed variables. First, the initial trim condi¬ 
tions for the lateral and vertical speed were deter¬ 
mined from forward speed, roll and pitch angles. 
Then the time histories obtained from the consistency 
analysis were used in the measurement vector and for 
the calculation of the forcing functions. A Maximum 
Likelihood identification method for linear systems 
was applied. However, the gravity and kinematic 
terms in the state equations were kept nonlinear. 
They were calculated using the measured angles and 
rates as well as the reconstructed speed components 
and considered as additionally generated time histo¬ 
ries and treated like control variables in the control 
vector ('pseudo controls'). 

Equivalent time delay values, suggested by DLR, 
were used to time-shift the measured control variables 
before the identification was started. The measure¬ 
ment vector included 9 variables: linear accelerations, 
reconstructed speed components, and rates. A con¬ 
catenated run evaluation was applied to identify an 
almost full set of 58 derivatives, where only A'„ and 
X t ^ were neglected. Offsets in the controls and 
measurements were taken into account by estimating 
bias terms for each individual manoeuvre. Theses 
biases were used for the force and moment state 
equations as well as for the speed and linear acceler¬ 
ation measurement equations. 

NLR 

NLR was the only Working Group Member who 
applied an cquarion error method oi regression anal¬ 
ysis. In this technique, each state equation is treated 
separately and independently. All state and control 
variables in the considered equation are taken from 
the measured data and the unknown parameters are 
determined by fitting the linear and rotational accel¬ 
erations by a Least Squares criterion. As in principal 
all terms in the state equations are treated as pseudo 
controls, it is essential to work with highly accurate 
data. 'Iherefore, NLR first concentrated on a data 
reliability analysis although the 'standard' quite com¬ 
plex NLR approach for flight path reconstruction 
could not fully be applied as some additionally 
required measurements were not available. 

In the identification step, equivalent time delays for 
the controls were used and then concatenated 
manoeuvres were evaluated to identify a model with 
36 unknown parameters. 

5.1.2 Frequency-domain identification techniques 

Identification tecliniqucs working in the frequency 
domain were applied by AFDD and the University 
of Glasgow. 


AFDD 

As the data consistency analysis revealed a low qual¬ 
ity of the airspeed measurements, AFDD decided to 
use reconstructed speed data for the identification. A 
key step in the AFDD frequency-domain identifica¬ 
tion approach is the extraction of high-quality fre¬ 
quency responses between each input/output pair. 
AFDD experience has shown that flight test data 
obtained from frequency sweep control inputs are 
better suited for tliis approach than multi-step inputs. 
Consequently, it was concentrated on the evaluation 
of the BO 105 flight test data obtained from fre¬ 
quency sweep inputs. These manoeuvres could not 
be flown using only a single control but some activity 
in the other controls was required to keep the aircraft 
response within small perturbation assumptions. 
Therefore, conditioned frequency responses were 
determined. Making use of the redundant flight tests, 
the frequency-sweep manoeuvres were concatenated 
to increase the reliability of the frequency responses. 
Then, the unknown model parameters of a linear six 
degrees of freedom state space model and the equiv¬ 
alent time delays were identified by minimising the 
weighted Least-Squares error between measured and 
model frequency responses. The weighting was based 
on the values of the associated coherences at each 
frequency point. 

A total of 26 frequency responses, with 19 frequencies 
in each, were matched in the identification process 
(Table 7). 'The frequency range of fit was selected 
individually for each response corresponding to its 
range of good partial coherence. However, the upper 
frequency was limited to a maximum of 13 rad/s since 
a 6 degrees of freedom model is not capable of 
matching lead/lag and body/rotor flapping dynamics. 
Without this restriction, physically meaningless 
derivatives can be obtained. A detailed model struc¬ 
ture analysis was conducted based on parameter 
insensitivities, Cramer-Rao bounds, and cost func¬ 
tion changes. 'Ihe final model included 51 identified 
parameters (47 derivatives and 4 equivalent time 
delays). 

Glasgow University 

Glasgow University applied a frequency-domain 
identification technique, where the time-domain state 
space model and the measurement equations 

x(t) = A x(() + B u(() 
y(t) = Cx(0 + Du(t) 

are transformed to the frequency-domain format 

j u> ■ x(co) = A x(q>) + B u(<o) 
y(to) = C x(co) + D u(<o) 

where x{(u), u(«>), and y(co) are the Fourier trans¬ 
formed variables. The control vector u(a>) and the 
matrices B and D were modified to compensate for 
non-periodic states [7], 

The unknown parameters in the matrices A. B, C, 
and D are then estimated in the frequency domain, 



using a Maximum Likelihood criterion. For the 
identification, the DLk suggested files with modified 
3211 control inputs were used as concatenated 
manoeuvres. The measurement vector included the 
Fourier transforms of 11 measured variables: linear 
accelerations, speed components, rates, and attitude 
and roll angles. 30 derivatives and 4 equivalent time 
delays were identified. (In frequency-domain 
approaches it is not necessary to estimate bias terms). 


5.2 Identification results 

In this section, BO 105 identification results provided 
by the Working Group Members are presented and 
discussed in detail. Tables of the derivatives and 
eigenvalues of the identified models are given and 
representative plots of time histories and frequency 
responses are presented for the comparison of meas¬ 
ured data and model responses. 

'Fable 8 to Table 11 list the derivative values identi¬ 
fied in the Working Group by AFDD, CERT, DLR, 
Glasgow University, NAE, and NLR. Erom the 
tables the detailed model structures can also be seen. 
In addition to the stability and control derivatives the 
associated standard deviations are given. These are 
the values provided by the identification techniques 
(Cramer-Rao lower bounds) They represent the 
theoretically lowest achievable standard deviation. It 
is well known that for practical use these values are 
usually too small. Therefore it is often recommended 
to multiply them by a factor of 5 to 10 to make the 
standard deviations physically more realistic. 
Depending on the identification approach, the stand¬ 
ard deviations were defined slightly differently. 
Therefore this information is not intended for com¬ 
parisons between the results from different Members 
but more as a help to relate the significance of 
parameters within one set of results to each other. 

ITiere are quite large differences between the identifi¬ 
cation results. Even for significant parameters, like 
the diagonal terms of the state matrix, which are 
related tc system damping, some major differences 
are seen. is between —0.05/s and -0.06/s for 
time-domain results, but -0.03/s to -0.04/s for the 
frequency-domain methods. Larger values in the 
AEDD and NAE results reflect the lateral speed 
measurement problem. These two Working Group 
Members used reconstructed data instead of the 
measurements. In the data consistency analysis, a 
scale factor of about 0.7 was determined between the 
reconstructed and measured lateral speed. Conse¬ 
quently, this factor is also seen in the identified K v . 
The heave damping Z„ shews leasonablc agreement. 

The identification of the pitch and roll damping A. 
and M , is a major problem for the BO 105. The 
obtained values highly depend on 

• the equivalent time delays, 

• the bandwidth of the flight test data, and 

• the high correlation with the control derivatives. 
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These dependencies have different influences in the 
individual estimation techniques, which explains the 
large variations witiiin the Working Group results. 

The yaw damping N, is in reasonable agreement. i 

From the main (on-axis) control derivatives, Z,„, and 1 

N Sf , d agree fairly well. In the roll and pitch moment • 

control derivatives L lhl and M it „ the larger differences 
are caused by the high correlation of these terms with 
Lf and M, and the associated problems as discussed 
above. The coupled off-axis derivatives are not dis¬ 
cussed in detail. It is seen that there arc also some 
large differences. However, it should be noted that 
several of these terms also show larger standard devi¬ 
ations indicating less parameter significance. 

The equivalent time deLys used for the controls are 
listed in Table 12. These time delays approximate the 
effects ol rotor and hydraulic dynamics. How impor¬ 
tant it is to include accurate equivalent time delays in 
six degrees of freedom models is demonstrated by 
Figure 7. . or two major derivatives, the roll damp¬ 
ing % and the roll control derivative due to lateral 
stick L s |,„ the figure shows the high sensitivity of the 
identification lesults to time delays It is obvious that 
special care must be taken to accurately determine 
equivalent time delay values. In the Working Group 
DLR extracted time delays by a cross-correlation of 
the acceleration responses from the measurements 
ar.d the model response. The obtained values were 
also used by NLR and NAE The frequency-domain 
method used by AFDD and University of Glasgow 
allow the direct estimation of equivalent time delays 
together with the unknown derivatives. 

TTie eigenvalues of the identified models are given in 
Table 13. A comparison shows that the phugoid and 
dutch roll modes are in good agreement with slightly 
higher damping in the AFDD model. The values for 
the lower frequency aperiodic pitch mode agree sat¬ 
isfactorily, and all Working Group Members identi¬ 
fied the spiral mode to be close to the origin. Major 
differences, however, are seen in the roll and higher 
frequency pitch modes. They reflect the different val¬ 
ues of the roll and pitch damping derivatives. 

'Hie comparison of the derivative and eigenvalue 
results shows that the values obtained by AFDL> 

DLR, and N/»E (ard probably University of Glas¬ 
gow) are relatively close to each other. 


As representative example Figure 8 through 
Figure 12 show a full set of time-history' plots for the 
comparison of flight test measurements and the 
response of the DLR identified model for all four 
data runs used for the identification. It demonstrates 
that a good agreement was obtained for all variables. 
From the time histories provided by CERT, Univer¬ 
sity of Glasgow, and NAE the pitch and roll rate 
responses for the flight tests with longitudinal or lat¬ 
eral stick control inputs are presented in Figure 13 
and Figure 14. Some representative results obtained 
from the AFDD frequency-domain method are given 
in the format of frequency response fits in Figure 15 
and Figure 16. 
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6. Verification of the Identified Models 


The verification of the identified models is a key step 
in the identification process that assesses the predic¬ 
tive quality of the extracted model. Flight data not 
used in the identification are selected to ensure that 
the model is not tuned to specific data records or 
input forms. In the Working Group, identification 
results were generated from flight tests with multistep 
3211 or frequency-sweep control inputs. Therefore, 
doublet inputs for each control were used for model 
venfication and comparison. 

All Members applied a very similar approach to cal¬ 
culate the responses of the identified models: All 
model coefficients were fixed and only biases were 
estimated to accc_.it for control and measurement 
offsets. In all cases, the model was only driven with 
the measured control variables and no pseudo con¬ 
trols were used. As DLR and NAE worked with a 
nonlinear model in the identification, the same model 
was also used for the verification (r.v/iiiinear terms 
were calculated from model states). 

Corresponding to the presentation of time-history fits 
in the previous section on identification results, Fig¬ 
ure 17 through Figure 21 compare the time history 
response predictions of the DLR identified model for 
all observation variables and for all four doublet 
control inputs. From the verification results provided 
by AFDD, CERT, Glasgow University, NAE, and 
NLR the pitch and roll rate responses due to longi¬ 
tudinal and lateral stick inputs are given in Figure 22 
through Figure 24 (for completeness, the DLR result 
is repeated in the same format). From the complete 
set of results in Figure 17 through Figure 21 it is 
seen that the predictive capability of the identified 
model is very good in both the on- and off-axis 
response, especially considering the dynamically- 
unstable and highly-coupled nature of the BO 105. 
The differences seen in the speed data, and here in 
particular in the lateral speed, are due to measure¬ 
ment problems. Although there are also some smaller 
differences in the other variables, the overall agree¬ 
ment is very satisfactory 

A first comparison of the verification plots in 
Figure 22 through Figure 24 demonstrates that bas¬ 
ically all model responses match the measured data 
fairly well. The lower frequency modes (phugoid and 
pitch) are in good agreement for all models. A closer 
comparison reveals some larger differences for the 
time history segments where the doublet control 
inputs were given. Some models are more damped 
or the coupling between the pitch and roll motion is 
less accurate. The fact, however, that none of the 
models can fully reach the maximum peak ampli¬ 
tudes of the rates demonstrates that six degrees of 
freedom models cannot describe this higher frequency 
range completely. It is obvious that a further 
improvement of the model prediction can only be 
reached when the model order is extended by addi¬ 
tional degrees of freedom, like rotor or inflow 
dynamics. 


7. Discussion of Results 

In the list of derivatives ( Table 8 to Table 11) and 
eigenvalues (Table 13) it was seen that the identified 
values varied significantly. A decision for the more 
suitable model can only be made on the basis of a 
comparison between the model responses and the 
flight test data for both the identification and the 
verification plots. 'ITiercforc, a more detailed evalu¬ 
ation was conducted It also included all frequency- 
response and time-history fits, which, for space rea¬ 
sons, cannot all be given within this Lecture. It was 
concluded that the models obtained by AFDD, 
DLR, NAE, and, with some more deviations, the 
model from the University of Glasgow showed the 
more satisfactory overall agreement with the meas¬ 
urements. 

The importance of accurate equivalent time delays 
has already been addressed. The identified values 
provided by AFDD and DLR (Table 12) are in good 
agreement, except for the value for the collective 
control, where larger differences are seen. The DLR 
time-domain approach for extracting time delays is 
based on evaluating the cross-correlation of the on- 
axis (linear or angular) accelerations. The frequen¬ 
cy-domain method searches for a time delay in con¬ 
junction with the other model parameters that will 
produce the best match of all of the responses. The 
use of a single time delay for each input imposes the 
assumption that all input/output response pairs hav- 
the same high-frequency zeros, and thus the same 
high-frequency phase shift. This corresponds to 
modelling the rotor response as an actuator. When 
this assumption is valid, the two methods should 
produce essentially the same time delays, as they do 
for the lateral, longitudinal, and pedal inputs. How¬ 
ever, this assumption is not acceptable for the col- 
lcctivi inputs. Further frequency-domain analyses 
indicated an effective time uclay of about 93 ms for 
linear responses (u, w, a,) to collective, but a much 
larger effective time delay of about 255 ms for angu¬ 
lar resper i (p, q). The time-domain method reflects 
the vertv J acceleration delay, while the frequency- 
domair result reflects an average delay. In conclusion, 
it can • stated that for the collective control a single 
time delay value is only a poor compromise in char¬ 
acterizing all of the responses. However, a better 
approach either requires the use of different time 
delays for each control and each response axis or a 
higher-order dynamic model is needed. 

As a further help for the evaluations of the results, 
three additional sets of identified derivatives were 
considered. They were not produced within the 
Working Group but they were obtained from the 
same BO 105 data bare. These models were extracted 
by DLR (frequency-domain technique, similar to the 
University of Glasgow approach; [7]), by Stanford 
University, USA (a newly developed identification 
algorithm based on smoothing; [8]), and by Tech- 
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nische Hochschule Darmstadt, Germany (equation 
error technique; [9]). Both, the DLR frequency-do¬ 
main results and the results from Stanford University 
are in good >g, "cmcnt with the AFDD, DLR, and 
NAE identified denvatives and eigenvalues and con¬ 
firm the reliability of the models. All these results 
have in common, that they were obtained by quite 
complex identification methods although the individ¬ 
ual approaches are very different. Another link 
between APDD, DLR, and NAE is their high 
involvement in rotorcraft system identification since 
a long time. It is well known and accepted that sys¬ 
tem identification still is a relatively difficult task and 
that a successful application requires the analyst's 
skill and experience. The previously gained experi¬ 
ence in these organisations has also certainly been 
helpful for the BO 105 identification. 

The results from the fechnische Hochschule Darm¬ 
stadt are in a very good agreement with the NLR 
identified values. Both approaches are based on less 
complicated equation error techniques. In compar¬ 
ison with the more complex iterative methods such 
techniques are computationally very efficient with 
respect to computing time and storage requirements. 
From the obtained lesults it can be stated that 
equation error methods are appropriate for the 
rotorcraft identification when models of lower accu¬ 
racy can be accepted. Such models are certainly useful 
for various applications, wh'ch may not justify the 
significantly higher efforts anii costs for the extraction 
of more accurate models by more sophisticated 
methods. 

To give an impression of what system identification 
can do in comparison to a computational simulation, 
the measured 3211 control inputs for the longitudinal 
and lateral stick were used in the DLR simulation 
program SIMM [10], The obtained rate responses are 
compared to the measured ‘ime histories in 
Figure 25. In the figure, the same data section is 
given for the comparison of the identified (DLR) 
model response and the measurements. 


8. Identification of Extended Models 


The Working Group concentrated on the identifica¬ 
tion of 6 degrees of fieedom rigid body models. Such 
models are useful for various applications. For appli¬ 
cations like high-bandwidth control system design, 
however, they arc often no longer appropriate and 
models with rotor degrees of freedom may be 
required. The need for such models was discussed in 
the Working Group and is addressed in the applica¬ 
tion oriented Lectures on Flying Qualities Evaluations 
[11] and Flight Control System Optimisation [12]. 
It was however beyond the scope of the Group to 
work on a more detailed study about the identifica¬ 
tion of higher order models. Therefore, in the fol¬ 
lowing, some representative results from the identifi¬ 
cation of an extended model are shown that were 
obtained from a DLR Maximum Likelihood tech¬ 


nique working in the frequency domain [13]. A more 
detailed presentation of the results is given in [14] 

6 degrees of freedom models are based on the 
assumption that the rotor dynamics are at much 
higher frequencies than the body modes. The steady 
state rotor influence is absorbed into the rigid body 
derivatives and the higher frequency dynamics are 
neglected Such models assume an instantaneous tilt 
of the rotor tip path plane in response to a control 
input, and consequently predict an immediate heli¬ 
copter angular acceleration: the model response leads 
the real helicopter response Only when rotor 
dynamics are additionally approximated by equiv¬ 
alent time delays for the controls a more realistic 
model response is obtained This approach was also 
used in the Working Group. Figure 26 shows the 
data segment when the lateral control input was giv¬ 
en. The comparison of the model responses demon¬ 
strates the improvement obtained from the use of 
equivalent time delays. The oscillation which is 
mainly seen at the end of the time history plot is 
caused by the rotor lcad/lag motion that cannot be 
described by 6 degrees of freedom models. 

Models with a more accurate representation of the 
higher frequency characteristics were needed for the 
development of the DLR BO 105 in-flight simulator 
ATTUeS (Advanced Technology Testing Helicopter 
System). The design of the feedforward controller in 
the model following control system (MFCS) is based 
on the inverted BO 105 model Inversion of the 
equivalent time delays however physically means 
time 'lead': future values of the state variables are 
needed which is impossible for an on-line real time 
process like in-flight simulation. The identified 
equivalent time delays for the 6 degrees of freedom 
BO 105 model ranged from 40 milliseconds for the 
pedal up to about 100 milliseconds for the longitudi¬ 
nal stick and collective. Neglecting these delays leads 
to drastic errors in the MFCS [2]. Clearly, the rigid 
body models must be extended by an explicit repre¬ 
sentation of the rotor dynamics effects. Therefore, a 
first extended model was defined using pitch and roll 
accelerations as state variables [2], This approach 
gives a good and valid approximation of the rotor 
influence, in particular in the roll motion. The iden¬ 
tified 8 degrees of freedom model was used success¬ 
fully for the controller design and has helped to 
improve the in-flight simulation performance signif¬ 
icantly [15], [16]. This experience also demonstrated 
that there is a strong need for models with ?. more 
reliable description of the initial response character¬ 
istic than the conventional 6 degrees ol freedom 
models can provide. A logical consequence is the 
identification of models with rotor degrees of free¬ 
dom. It implies, however, that measurements of the 
blade motions are required. 


8.1 Rotor data 

The original DLR BO 105 data base included meas¬ 
urements of the flapping motion for each blade and 
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the rotor azimuth. (As the Working Group concen¬ 
trated on 6 degrees of freedom models, these data 
were not provided to the Group) The measurements 
and data processing are described in the Lecture on 
Instrumentation and Data Processing [17], For the 
use in system identification the measured data were 
transformed to the nonrotating axis system to 
describe the tip-path plane motion in terms of con¬ 
ing, longitudinal and lateral flapping. 


8.2 Identification result 

The basic approach for extending the conventional 6 
degrees of freedom rigid body model formulation by 
rotor degrees of freedom is illustrated in Figure 27. 
The state vector of the rigid body motion is extended 
by tip path plane variables. Then, the model structure 
includes two sets of equations representing the fuse¬ 
lage and the rotor characteristics. The submatrices 
characterise the rigid body and rotor behavior and the 
associated couplings. In comparison to the conven¬ 
tional model this structure is closer to reality and can 
provide a more detailed insight into the helicopter 
dynamics. However, an increase in model size also 
implies an increase of unknown parameters and 
makes the identification more difficult. Problems 
related to convergence of the method, correlation of 
the parameters, insufficient information content, etc 
become more evident. A detailed model structure 
analysis is necessary to reduce the number of 
unknowns so far as physically meaningful. Deriva¬ 
tives in the 6 degrees of freedom model that mainly 
include rotor effects can be eliminated from the fuse¬ 
lage equations as the rotor is now explicitly modeled. 
The development of an adequate model structure, 
however, is still a major research task. A first 
approach to extend the rigid body models by rotor 
states was presented in [18]. Here, in a so called 
'hybrid formulation', highly reduced rotor equations 
for the regressive flapping mode and an approxi¬ 
mation for the lead/lag effects were used. As intended, 
this formulation predicted an accurate high frequency 
response of the tip path plane. However, significant 
errors in the lower frequency rang'- of the rotor 
response must be accepted. 

The DLR approach tried to identify all parameters 
needed in the rotor equations to represent the total 
coning and flapping rotor response. Two different 
model structures were investigated [14j The best 
results were obtained from a model where ’n addition 
to the rigid body motion, the rotor was . ^presented 
by linear differential equations for 

• coning (a,) as 2nd order system, 

• longitudinal flapping (a,) as 2nd order system, 

• lateral flapping (b|) as 2nd order system, and 

• an approximation of the lead/lag motion as 2nd 
order transfer function. 

The model has 9 degrees of freedom and is of 16th 
order (including the lead/lag approximation). The 
measurement equations included the rigid body vari¬ 
ables 


• linear accelerations and speed components, 

• rates and attitude angles, 

and the rotor variables, 

• coning, longitudinal and lateral flapping, and 

• differentiated coning, longitudinal and lateral 
flapping. 

Control variables were the four helicopter controls: 
longitudinal and lateral stick, collective, and pedal. 
No use was made of pseudo control inputs, where 
measured states are treated as controls. In compar¬ 
ison to the 6 degrees of freedom model structure 
some major changes were made, in particular: 

1. As the rotor degrees of freedom are explicitly 
modeled, no equivalent time delays are needed 
to approximate rotor dynamics. This is very 
important for the design of the feedforward con¬ 
troller in the model following control system. 

2. The roll and pitch damping derivatives L p and 
M, were neglected in the fuselage equations. 

3. Longitudinal and lateral stick and collective 
control derivatives were eliminated from the 
fuselage equations and only used in the rotor 
equations. 

4. The fuselage equations were extended by rotor 
state derivatives to represent the fuselage/rotor 
coupling. 

Making use of the rotor symmetry, some parameters 
in the rotor equations were constrained to the same 
identified value (e.g. rotor flapping damping). Known 
rotor terms that depend upon inertia parameters were 
fixed. (The structure of the identified models can be 
seen in Table 14). 

Figure 28 presents the obtained identification result 
for the roll rate, roll acceleration, and lateral flapping 
responses. The comparison to Figure 26, where the 
same data segment was shown, illustrates the 
improved agreement with the measured data. This is 
also true for the representation of the lcad/lag 
motion. 

The complete set of rotor response time histories due 
to the three main rotor controls is given in Figure 29 
for three runs with longitudinal and lateral stick and 
collective inputs. The fit with the measured data is 
excellent for the total data iength. Some smaller 
deviations in the coupled responses (mainly in con¬ 
ing) are acceptable. 

To visualize the stepwise improvements of the vari¬ 
ous models, Figure 30 shows the roll rate due to lat¬ 
eral stick frequency responses for the flight test mea¬ 
surements and three different models: two 6 degrees 
of freedom models (without and with equivalent time 
delays), and the model with rotor degrees of freedom 
As expected, the lower frequency range is accurately 
described by all models. Main differences however arc 
seen for frequencies higher than about 1 Hz. Here, 
the improvement obtained from the extended model 




is obvious. Both amplitude and phase are in good 
agreement with the measurements up to frequencies 
of about 3 IIz, which is practically the limit of the 
information content that can be obtained from pilot 
flown input signals. ( The peak in the amplitude at 
about 2.3 IIz is caused by the icad/lag motion). 

The identified extended mode! is given Table 14 and 
Table 15. The obtained eigenvalues are presented in 
Table 16 together with the eigenvalues from the 
DLR 6 degrees of freedom model (see also 
Table 13) A comparison shows that the eigenvalues 
associated with the rigid body motion stay practically 
the same (phugoid, dutch roll, spiral and pitch) 
Higher frequency modes that are neglected or 
approximated in 6 degrees of freedom models are 
now included in the extended model: Regressive and 
advancing flap, roll/flap coupling, and coning. The 
identified values are physically realistic and charac¬ 
teristic for the BO 105 dynamics. Of course, the high 
frequency eigenvalues for advancing flapping can be 
questioned as the data cannot provide useful infor¬ 
mation for frequencies of about 100 rad/second. 


9. Conclusions 


BO 105 flight test data specifically generated for sys¬ 
tem identification purposes were provided to the 
Working Group. Flight test trim condition was hori¬ 
zontal flight at 80 knots forward speed. 

Results obtained from data consistency analysis, 
identification, and verification were provided by 
AFDD, CERT, DLR, University of Glasgow, NAE, 
and NLR The identification approaches included 
frequency- and time-domain techniques with iden¬ 
tification criteria ranging from Least-Squares 
equation error to Maximum Likelihood output error. 
Data consistency results proved that the measure¬ 
ment quality was appropriate for system identifica¬ 
tion. Typical for all aircraft and particularly for heli¬ 
copters, some inconsistencies were seen in the speed 
data. Therefore, some Members decided to work with 
reconstructed speed data instead of the measure¬ 
ments. 

Six degrees of freedom derivative models were identi¬ 
fied. The comparison of the obtained identification 
results showed quite large differences in both the 
identified derivatives and the eigenvalues. This is also 
true for significant derivatives like the diagonal terms 
in the state matrix associated to system damping. A 
more detailed evaluation of all identification and ver¬ 
ification results showed that the more complex iden¬ 
tification methods, like Maximum Likelihood arid 
Frequency-Response Matching Techniques, gave 
similar results and provided a good time history 
agreement with the measurements. Still remaining 
deficiencies were seen for the ltigher frequency 
dynamics. Here, it is evident, that six degrees of free¬ 
dom models are well suited for the lower- and mid- 


frcquency range where rotor dynamics can be 
approximated by equivalent time delays. For the 
higher frequency range, however, the helicopter 
models must be extended by rotor degrees of free¬ 
dom 

For applications that need a suitable overall system 
characterization but do not require higher accuracies, 
less complex but computationally more efficient 
identification methods, like equation error tech¬ 
niques, are applicable and useful. 

First identification results of a model with rotor 
degrees of freedom were presented. The identified 
16th order model (with a second order flapping and 
coning representation and a second order le’d/lag 
motion approximation) showed excellent agreement 
between measurements and model response in a wide 
frequency range. In comparison to 6 degrees of free¬ 
dom models, a significant improvement of the model 
accuracy for higher frequencies was obtained. The 
extraction of higher order helicopter models including 
rotor degrees of freedom is feasible when appropriate 
flight test data are available. 'Die obtained results are 
certainly promising and motivate to continue the 
identification of extended rotorcraft models for 
applications that require more accurate models. 
Future work should concentrate on a more refined 
model structure and on flight test inputs that can still 
increase the data information content for the high 
frequency rotor data. 

In conclusion, it can be stated that the BO 105 
identification results demonstrate that system iden¬ 
tification is a potential tool for extracting reliable 
helicopter models from flight test data. Depending 
on the applied evaluation techniques, different accu¬ 
racy levels for the results are reached. Therefore, it is 
advisable to establish a close contact between the 
analyst and the user of the results before system 
identification is conducted. Then, a reasonable com¬ 
promise can be defined between the user's application 
oriented model accuracy needs and the efforts and 
costs of the identification analysis. 
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Tables 


Overall dimensions 




Tall rotor 

Overall Length 

11 84 m 

Main rotor 

Diameter 

1.9 m 

Fuselage Length 8.45 m 

Oiameter 

9,824 m 

Blades 

2 

Overall Height 

3 03 m 

Blades 

4 

Chord 

0 179 m 



Chord 

0,27 m 

Profile 

NACA 0012 



Profile 

NACA 23012 

Solidity 

0.12 



Blade Area 

5.31 m 2 

Twist 

0 0° 

Mass and moments of Inertia 

Solidity (Thrust) 
Tip Sweep 

0.07 

0° 

Horizontal stabilizer 

Mass 

2200 kg 

Twist 

-6 2 ° 

Spar, 

2.0 m 

/ x 

1433 kg m 2 

Shalt Angle 

-3.0° 

Chord 

0.4 m 

V 

4973 kg m 2 

o 



Area 

Profile 

0.8 m 2 

NACA 0010/0020 

4 

4099 kg m 



Incidence 

0° 

4* 

660 kg m 2 





Table 1. 

List of physical characteristics of the BO 105 
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Group 

Variables 

Quantity 

Source 

Original 
Sampling 
Rate 
(in Hz) 

O’ 

! 

1 

i 

Forward/Aft Cyclic 

Potentiometer 

50 

£ 

i 




C. 

ct 

’c 

L 

Lateral Cyclic 

Potentiometer 

50 

1 

Pedal 

Potentiometer 

50 

§ 




a 

- 



3 

Collective 

Potentiometer 

50 

Table 3. Measured BO 105 control variables 


Group 

Variables 

Quantity 

Source 

Original 
Sampling 
Rate 
(in Hz) 

Air 

data 

Longitudinal airspeed 

HADS 

50 

Lateral airspeed 

HADS 

50 

Normal airspeed 

HADS 

50 

Linear 

accelerations 

Longitudinal acceleration 

Accelerometer at CG 

300 

Lateral acceleration 

Accelerometer at CG 

300 

Normal acceleration 

Accelerometer at CG 

300 

Attitude 

angles 

(Euler 

anpWl_ 

Roll angle 

Vertical gyro 

50 

Pitch angle 

Vertical gyro 

50 

! Yaw angle 

Directional gyro 

50 

Angular 

rates 

Roll rate 

Rate gyro 

100 

Pitch rate 

Rate gyro 

100 

Yaw rate 

Rate gyro 

100 

Rotor 

RPM 

Tachometer 

50 

Table 4. Measured BO 105 response vaHables 

Data provided at a uniform sampling rate of 100 Hz. 






Scale factor for 


Symbol 


Uni* ** *** 


AFDD 


Value 


□LR 


Value 


DLR 


Value 


NLR 


Value 


0 9556 


0.0272 


0 9956 


0.0104 


0.9244 


0.0027f 


0.7043 


0.0524 


0.6723 


0.0955 


0.6932 


0.00821 


0 8751 


0 0378 


0.9521 


0.0913 


0.9283 


0.00391 


1 0199 


0 0126 


1.0144 


0.0177 


1.0168 


0.00051 


1.0290 


0.0352 


1.0364 


0.0281 


1.0351 


0 00041 




1 


1,0202 


0 1371 


1 0392 


0 00161 


From all files 

From 4 concatenated files proposed for identification 
' From 4 files proposed for identification 
Cramer Rao lower bound 

=< Standard deviation 

Table 5. BO 105 data consistency analysis: Mean values of identified scale factors 


Bias for- 

AFDD 

DLR 

DLR 

IMLR 

Symbol 

Unit 

Value 

a 

Value 

a 

• 

Value 

• 

(7 

*• 

Value 

* 

(7 


m/s 2 


... 

0 0571 

0.1130 

0 0194 

0.00271 

0 0243 

0.00281 

3 y 

m/s 2 

- 

... 

0 0443 

0.1096 

0.0157 

0 00471 

0 0016 

0.00291 

3 Z 

m/s 2 


... 

0.0007 

0 0456 

0 0463 

0 00231 

0 0145 

0 00231 

p 

rad/s 

-0 0015 

0 0002 

-0.0015 

0.0005 

-0 0013 

0.00021 

-0.0015 

0.00011 

<7 

rad/s 

-0 0017 

0 0002 

-0.0016 

0 0005 

-0.0014 

0 00011 

-0 0019 

0.00011 

r 

rad/s 


... 

•0.0005 

0.0019 

-0 0002 

0 00041 

-0.0011 

0 00011 


* From all files 

** From 4 concatenated files proposed for identification 

*** From 4 files proposed for identification 
1 Cramer Rao lower bound 

a = Standard deviation 

Table 6. BO 105 data consistency analysis: Mean values of identified biases 
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State vector: 

O v w p q r 0 0] T 

Mesurement vector 
[u vw p q ra x a y a z f 

Number of frequencies: 19 
Weight: 7 570 deg-error/dB-error 

* indicates an input/output frequency response 
included in the identification cost function 


Table 7. Set-up for AFDD frequency-domain identification 
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MODEL STRUCTURE 


x Body 

_ 

4 body 

Abody/rotor 


x body 

+ 

&body 

XRotor 


Arotorf body 

^rotor 


_ x rotor _ 


&rotor 


*w/=C" v h P q r 0] 

x ntor ~ C^e <*1 h fl 9 «1 
fi r ~Lf>lon ^lat $col $ptdl 


RIGID BODY MATRIX A My 


u 

V 

w 

P 

4 

r 

<P 

0 

-3.5199D-02 

0.08060+00 

1.21130-02 

0.0800D+00 

1.29850+80 

5.66850-61 

9.80660+80 

-9.80760+80 

e.eeeoD+ae 

-I. 02730-01 

6.00800+00 

-1.38230+00 

0.60000+00 

-4.22160+31 

9.88780+68 

0.06080+60 

-6.7Z46D-03 

8.00000+00 

-2.17510-01 

-5.66850-01 

4.38240+01 

8.80000+08 

0.60600+00 

0.00000+06 

-5.93020-03 

-1.08000-01 

-6.82540-02 

8.6680D+80 

5.28720-01 

5.2934D-01 

8.80000+00 

0.00000+00 

-8.09700-03 

2.81490-02 

-1.96440-02 

-9.66480-02 

9.66060+00 

-4.30210-01 

0.6060D+06 

0.8800D+00 

-3.92320-03 

1.27630-01 

1.40940-82 

2.97320-81 

2.76190-01 

-8.95220-01 

0.0000D+00 

0.0000D+0O 

0.00000+00 

0.80000+00 

0.90000+68 

1.80060+86 

6.0606D+O0 

0.00060+00 

8.0000D+00 

0.00000+00 

0.00000+00 

8.08800+00 

0.00000+80 

0.00000+80 

1.00800+00 

0.00800+88 

0.00000+00 

0.00O0D+00 


ROTOR M7~RIX 

^rotor 






Ol 

bi 

a e 



-5.1589D+01 - 

3.92230+01 

8.00000+00 

-2.0083D+03 

-1.48270+02 

0.800BD+00 

6.8644D+01 - 

2.51350+01 

-8.80000+01 

-7.90170+02 

-3.85910+02 

-2.42540+03 

-1.32780+01 

8.88000+01 

-2.51350+01 

1.01420+03 

8.4981D+02 

-3.85910+02 

1.80880+80 

0.06000+60 

0.08060+06 

6.88000+06 

0.0000D+00 

0.60060+00 

8.00080+00 

1.08800+00 

6.680BD+88 

6.66800+86 

0.0008D+80 

0.60880+80 

8.00000+80 

0.00800+80 

1.00000+08 

8.66880+86 

0.66860+60 

0.00080+08 


Table 14. Identified model with rotor degrees of freedom: Rigid body and rotor state matrices 
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RIGID BODY / ROTOR COUPLING MATRIX A Myjntor 


0.08060+80 

6.88000+66 

0.68860+86 

8.08080+88 

8.88880+00 

0.68660+88 

0.86880+00 

0.08080+88 


“l 

8.80bJD+08 
8.8800D+00 
8.80880+88 
8.88880+88 
-2.34660-81 
8.88880+88 
8.86680+88 
8.88880+86 


b, 

8.88880+08 

3.96310+88 

6.88880+88 

1.68220+88 

8.88880+08 

6.8886D+88 

8.08880+86 

0.88880+88 


1.2832D+81 

-2.51580+81 

-1.89830+82 

-8.48620+68 

-1.31650+81 

-2.55490+88 

8.88880+88 

8.86880+86 


2.65890+81 

8.88880+68 

3.84920+81 

-6.75820+88 

-4.88560+81 

6.88790+88 

8.8880D+88 

8.88880+88 


*1 

8.88080+68 

-3.71330+81 

8.00000*08 

-1.78320+82 

8.88880+88 

-3.76730+01 

6.88680+88 

8.88860+88 


ROTOR / RIGID BODY COUPLING MATRIX A ntor , My 


w v 


w p q r «D 0 


-3.18420-01 

1.4813D-01 

7.3639D-01 

8.00880+08 

8.08800+80 

0.00000+00 


8.80660+08 5.84690+88 
7.36390-81 -7.78790-81 
1.48130-81 -8.43430-81 
8.86880+88 6.60880+68 
0.86060+80 8.80880+80 
0.80880+88 6.88600+60 


-1.83360+61 4.76460+61 8.66860+86 
8.88880+81 0.08880+86 0.86860+06 
e.eeeeo+ee -8.868 bd+bi B.eeseD+so 
6.88880+06 8.88860+88 0.86000+88 
8.88860+86 6.86880+80 6.80880+00 
8.88800+66 8.00880+66 0.88800+80 


0.86880+60 

6.80000+86 

0.0B06D+0O 

0.06660+06 

0.O608D+06 

0.0000D+06 


6.60000+68 

8.60800+80 

0.8060D+68 

0.66000+68 

0.00000+08 

0.00060+00 


LEAD / LAG APPROXIMATION 
s J + 1.398 s+ 242.07 

lot * , „ ' "lat »«*5ur*d 

s + 0.516 s + 218.42 


CONTROL MATRIX B 


<5|on 

0.80000+00 
8.08800+88 
6.66680+86 
0.68880*88 
0.68880+88 
8.08880+80 
8.86860+88 
8.88880+80 
8.66880+88 
-8.82580-01 
1.77160+00 
8.00880+08 
6.88880+88 
6.08880+88 


&tat 

8.8808D+00 

8.80000+00 

8.88680+68 

6.80080+88 

8.88680+88 

8.88860+88 

8.88680+88 

6.88660+88 

8.86000+88 

-1.74700+08 

-2.26950-81 

6.86880+88 

6.86860+86 

6.68660+80 


^col 

0.0000D+00 
6.68880+88 
8.88880+88 
6.88880+88 
6.68880+86 
6.66680+86 
6.88880+66 
6.68880+80 
2.27780+88 
6.88880+88 
8.08880+68 
6.66880+88 
8.68680+80 
6.66680+68 


^ptd 

6.88600+88 

8.8B88D+88 

8.86880+88 

-1.52440-82 

8.88880+88 

4.57130-82 

8.88680+08 

6.88880+88 

8.88660+88 

6.88660+88 

8.88680+80 

8.88860+86 

6.88660+86 

6.88680*68 


Table 15. Identified model with rotor degrees of freedom: Coupling matrices, lead/lag approxi¬ 
mation, and control matrix s 

i 



Motion 

6 DOF, 8th order 

9 DOF, 16th order 


8th order rigid body 

8th order rigid body, 

2nd order coning 

2nd order long/lat flapping 

2nd order lead/Ug approx. 

Phugoid 

[ -0.15,0.33] 

[ -0.22, 0.33] 

Dutch Roll 

[ +0.14, 2.50] 

[+0.14, 2.55] 

Spiral 

(0.02) 

(0.03) 

Pitch-1 

(0.60) 

(0.43) 

Roll 

(8.49) 

- 

Roll/flap 

- 

[0.74, 14.7] 

Regressing flap 

• 

[0.84, 6.37] 

Pitch-2 

(4 13) 

• 

Advancing flap 

- 

[0.14, 106] 

Coning 

- 

[0 57, 34 63] 

Lead/lag approx. 

- 

[0.017, 14.78] 


Shorthand notation: 

[£, «,] implies s 2 + 2Cw„s + m„ 2 

£ = damping, <y„ = undamped natural frequency (rad/sec) 

(1/T) implies ;«• + 1/T), (rad/sec) 

Table 16. Comparison of BO 105 eigenvalues for different model structures 
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Figure 3. Pilot's display for input signal generation (BO 105) 
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Figure 4. Representative BO 105 flight test data: control input types and rate responses 
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Figure 6. Comparison of measured 
and reconstructed BO 105 
speed data with scale factor 
corrections 
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Figure 5. Comparison of measured 
and reconstructed BO 105 
data without scale factor 
corrections 


Figure 7. Influence of equivalent 
time delays on BO 105 
identification results 
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Figure i3. Comparison of measured rates and the response of identified BO 105 
models (CERT and Glasgow University results) 
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Figure 16. Comparison of BO 105 flight data and identified model frequency 
responses (linear speeds and yaw rate, representative AFDD results) 


















7 igure 17. Input signals of the BO 105 flight test data used for verification 
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Figure 18. Verification of the identified model (linear accelerations, DLR result! 
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Figure 23. Verification of the identified BO 105 models (DLR and Glasgow Univer¬ 
sity results) 
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Figure 25. Comparison of BG 105 flight data and results from a computational 
nonlinear simulation (DLR r ’MH) 
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Comparison of identification results for 6 degrees of freedom models 
without and with equivalent time delays 
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figure 27. Principal approach to extend 6 degrees of freedom models by rotor 
degrees of freedom 
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Figure 28. BO 105 identification results for a 16th order model with rotor degrees 
of freedom 
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SA 330 PUMA IDENTIFICATION RESULTS 

by 

Gareth D. Padfield 
Defence Research Agency 
Aerospace Division 
RAE Bedford, UK 


Summary 

The SA 330 Puma test data provided by the RAE 
were analysed with a variety of different identi¬ 
fication techniques by six of the participating 
organisations in AGARD Flight Mechanics Panel 
Working Group 18. This Paper presents the 
results of this work. A detailed study of the 
data kinematic consistency conducted by the 
RAE is included, highlighting some of the diffi¬ 
culties that can be encountered, even with high 
quality measurements, and ways of overcoming 
them. The results of the six degree of freedom 
identification arc discussed in terms of the 
conventional rigid body modes of motion. 

1 Introduction 

The Royal Aerospace Establishment provided 
flight test data from the Research Puma to 
AGARD WG-18 in December 1987. This Paper 
describes the aircraft and the associated test 
database. The results of data consistency 
analysis, parameter identification and verifi¬ 
cation analysis are presented. A detailed 
kinematic consistency study conducted by RAE 
is included, followed by derivative identifica¬ 
tion conducted by six of the AGARD participat¬ 
ing organisations. The discussion of results is 
approached from a modal perspective; each of 
the six degree of freedom modes and their 
approximations is examined in turn, the major 
contributing derivatives highlighted and the 
comparisons between methods discussed. Based 
on this analysis, some conclusions are drawn 
that reflect on the coKidence in and maturity of 
system identification methods in helicopter 
flight mechanics. 


2 Helicopter and Instrumentation 

The SA 330 Puma is a twin engine, medium 
support helicopter in the six tonnes category, in 
service with a number of armed forces including 
the Royal Air Force to support battlefield 
operations. 


The RAE Research Puma XW 241 (Fig 1) is one of 
the early development aircraft acquired by RAE 
in 1974 and extensively instrumented for flight 
dynamics and rotor aerodynamics research. 
With its original analogue data acquisition 
system, the Puma provided direct support during 
the 1973s to the development of new rotor aero¬ 
foil;- th.ough the measurement of surface pres¬ 
sures on modified blade profiles. In the early 
1980s a digital PCM system was installed in the 
aircraft and a research programme to support 
simulation model validation and handling quali¬ 
ties was initiated. Over the period between 
1981-1988, more than 150 hours of flight testing 
were carried out to gather basic flight mechanics 
data throughout the flight envelope of the air¬ 
craft. A three-view drawing of the aircraft in its 
experimental configuration is shown in Fig 2. 
The aircraft has a four-metal-bladed articulated 
main rotor (modified NACA 0012 section, 3.8% 
flapping hinge offset). Basic physical character¬ 
istics of the aircraft are provided in Table 1. 

Full details of the manoeuvres flown and 
measurements recorded on the Puma and 
provided to WG-18 are included in AGARD 
(1991). Table 2 summarises the data provided; 
the set eventually selected for primary analysis 
comprised 3211 inputs on all controls from an 
80 kn trim condition. All control inputs were 
applied by the pilot through the cockpit con¬ 
trols, using a controls fixture to guide the 
inputs. Manoeuvre times are typically 20-30 s 
and the recovery was initiated at the test pilot's 
discretion or when the manoeuvre amplitude had 
either grown too large or subsided to very small 
amplitude. Control input amplitudes are 
typically less than 5% of full range. Response 
excursions are typically within the range 
±10 (kn, deg, deg/s, etc). 

The measurements recommended for use by 
WG-18 are listed in Tables 3 and 4 and were 
provided to the working group in unprocessed 
Imperial engineering units. No predistribution 
corrections were made to reference accelera¬ 
tions or nose-boom vane measurements to the 
centre of mass. It should be noted that all 




kinematic measurements arc positive in the and y accelerations are very low and of the 

usual 'left hand' reference frame sense, except order unity, with a significant component of 

the normal acceleration which is positive up. noise at higher frequency (actually 4/rev) than 

Many of the measurements were sampled at 128 the frequency of the test manoeuvre. The 

and 256 Hz but a reduced rate of 64/s was normal acceleration channel is positive in the 

provided to the working group. All channels unconventional sense as noted but the incidence 

were passed through anti-aliasing filters at 72 vane also appears to nave an inverted scale 

Hz before digitising; in addition, the agility factor, the excursions being clearly in the 

pack data were further filtered by a 2-polc opposite sense to the pitch attitude. While the 

Butterworth at 10.6 Hz. The measurements were 'short period' pitch mode appears to be 

recorded in digital PCM (12 bit numbers, 4096 adequately excited, barely one period of the 

counts) form on magnetic tape on the aircraft. 'phugoid' is contained in the manoeuvre. The 

No de-skewing techniques were adopted, result- initial conditions for incidence and pitch 

ing in a maximum data skew of about 16 ms. appear inconsistent with steady level flight. 

(ii) Lateral cyclic manoeuvres 
3 Flight Test Data Evaluation (Fig 4) 

3.1 General considerations Throughout both manoeuvres, response pertur¬ 

bations appear to be within the 'linear range’. 
As noted in the previous section, the Puma data- The Dutch roll mode is dominant in the free 

sets provided to WG-18 members had received response with roll/yaw/pitch ratio of the order 

very limited preprocessing, amounting to 1/1/0.5. The velocity measurement is supplied 

decimation down to 64 samplcs/s and convcr- in uncalibrated form for the left cyclic 

Sion to Imperial engineering units For com- manoeuvre (flown on a different occasion to the 

pleteness, the relevant measurements are right cyclic manoeuvre), 

reproduced in Figs 3 to 6. The response range 

plotted i* 25 s; in some cases the response (iii) Collective manoeuvres (Fig 5) 

continues beyond this, in others, recovery is 

initiated within this range. Prior to model All response perturbations lie within the linear 

structure and parameter identification it is range for both manoeuvres; in particular, vclo- 

important to establish the consistency of the city excursions are very small (5 kn). Recovery 

kinematic measurements used and, for some action in the roll axis occurs within the 25 s 

identification methods, to determine the manoeuvre range, 

properties of any process or measurement noise 

present in the data. In addition, referencing the (iv) Pedal manoeuvres (Fig 6) 
measurements to the centre of mass to accord 

with the refcence frame of the dynamic The dominant mode of response is the lateral/ 

equations, is required. The state estimation directional Dutch roll with moderate excursions 

procedures applied form part of the system in sideslip (0.2 rads), lateral acceleration 

identification methodology and different (O.t g) and roll/yaw rate (0.25 rad/s). The 

organisations approached this task in different phugoid mode appears to have been more 

ways. The following section addresses the RAE strongly excited in the right manoeuvre result- 

approach but some general observations on the ing in greater speed and pitch angle excursions, 

raw data in Figs 3 to 6 are worth making at this 

stage: From these initial and tentative observations it 

is clear that some data inconsistencies and 
(i) Longitudinal cyclic manoeuvres noise-related features are present that state 

(Fig 3) estimation can potentially shed light on. 

The initial response perturbations are all 3.2 RAE Bedford kinematic consistency 

within the 'linear range'; however, during the analysis 

free response phase, excursions in pitch and 

roll attitude rise above 9.3 and 0.4 rads respec- In previous applications R.AE have used an 

tivcly. The angular rates and incidence angles extended Kalman filter (Padfield el al, 1987) to 

remain small however. Roll and yaw excursions derive consistent state estimates for the Puma 

during the forward cyclic manoeuvre are of the flight test data. Attempts to estimate noise 

same order as the pitch excursions and con- statistics and calibration correction parameters 

siderably larger than for the aft cyclic simultaneously have not succeeded however, 

manoeuvre. The signal to noise ratios on the x For the present activity it was felt that 
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establishing estimates for the scale factor and 
bias corrections was important and hence a 
technique based on output-error estimation was 
developed (Turner, 1991). The state equations 
can be written in the usual way for attitudes 
and velocities. 


Attitudes 


9 

p* + q*sin 9 tan 9 + r*cos 9 tan 9 

. ( 1 ) 

9 = 

q*cos 9 - r*sin 9 . 

( 2 ) 

V = 

q*sin 9 sec 9 + r*cos 9 sec 9 . 

(3) 

Where 

p* = (1 + X p )p m - bp , etc. 


X p and 

bp are the scale factor and bias 

correc- 

tions respectively and p m the measurement of 

roll rate. 


Velocities 


U = 

- q*w + r*v -t a x * - g sin 9 . 

(4) 

v = 

- r*u + p*w + ay* + g cos 9 sin9 

• (5) 

w = 

- p*v + q*u + a z * + g cos 9 cos 9 

. ( 6 ) 


Where a x * = (1 + X ax )a xm - bax etc, and 
X ax and b ax are the scale factor and bias cor¬ 
rections respectively to the measurement a x m 
referred to the centre of mass. 

The estimation procedure is configured to run 
in two sequential passes with the converged 
results of the attitude pass fixed for the 
velocity pass. The corresponding measurement 
equations can be written in the form: 

Attitudes 


9m 

= (1 + + tty + !!(*) . 

(7) 

9m 

= (i + Xe )0 + be + ne . 

( 8 ) 

Vm 

= (1 + + by + ny , 

(9) 

Where the measurement noise vector (n^, n@, ny) 
is assumed to have a Gaussian distribution with 
zero mean. The model output is obtained from: 

90 

= (i + X ( j,)9 + b<t| . 

( 10 ) 

0 O 

= (1 + x e )9 + be . 

( 11 ) 


Vo = 0 + ^y)V + by . (12) 

Once again, X and b represent scale factor and 
bias corrections respectively. 

Velocities 

V m = (1 + Xy) (u*“ + v * 2 + w * 2 ) /z 

+ by + ny . (13) 

P m = (1 + Xp) tan ’(v*/u*) + bp + np . (14) 
a m = (1 + X a ) tan ' (w*/u*) + b a + n a . (15) 

The measurement noise vector [ny, np, n a ] is 
assumed to have a Gaussian distribution with 
zero mean. The model output follows as for the 
attitude pass. The velocities u* , v* , w* refer to 
the velocity components of the boom tip where 
the vanes and pitot tube arc located. Hence, for 
example, if the point has coordinates xb, yb. ?-b 
relative to the centre of mass, we can write: 

u* = u + q*zb - r*yb 

v* = v + r*xb - p*zb , etc . (16) 

The vectors of parameters to be estimated in the 
two-pass-process arer 

Y a = [9(o), e(o), v(o), bp, b q , br, 

T 

Xp, Xq, Xj- ( b(jj, bb, by, X(jj f Xe, Xy] 

. (17) 

and 

Y v = [u(o), v(o), w(o), b ax> b ay , b az , 

T 

X ax > ^ay> ^az> by, bp, ba, * y, Xp Xa] . 

. (18) 

Where, 6 ( 0 ), u(o), etc, are the state initial 
values. 

The cost function to be minimised in the output- 
error scheme can be written (Turner (1991)): 

1 T -1 N 
J =j£zsz+“ logelSI 

+ Tl AyVAy. 09) 

1 P 
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The residual vector z represents the difference 
between the measured and predicted model out¬ 
put vectors: 

* = zra - *o (20) 

the residual vector Ay represents the differ¬ 
ence between the current model parameter 
estimates and the iniual guesses for these 
parameters: 

Ay = y - Y 0 . (21) 

S is the measurement (noise) error-covariance 
matrix and Sy is an input weighting matrix 
indicating confidence in the initial guesses 
provided for the parameter estimates. 

The summations in equation (19) arc carried out 
over all N time points (t) and parameters (p) 
respectively. The Bayesian component (third 
term in equation (19)) is included to allow 
some parameters to be held fairly constant 
during the iterations, for cases where these are 
known with high confidence a priori or over- 
paramcterisat : on could cause solutions to 
converge to an obviously incorrect nswer. This 
approach is discussed fui’hcr by tatine and 
Iliff (1985). The need for this facin.y will be 
demonstrated in the following analysis. 

The cost function J is minimised using a 
Gauss-Newton method, incorporating first and 
second order partial derivatives with respect to 
the vector y. 

The steady-state error covariance matrix S is 
estimated using the definition: 

i v , k kT 

n £ t <*m - * 0 )(*m - * 0 > ’• 

. ( 22 ) 


distinctly non-Gaussian and attempts to account 
for such noise using the usual Kalman filter 
approach for estimating S will themselves be 
faulted. 

To give some indication of the quality of the 
unprocessed measurements, Fig 7 shows a 
comparison of measurements and model output 
without any calibration corrections. The case 
examined is the forward cyclic 3211. Some 
notable observations are: 

(a) the reverse scale factor on the incidence 
vane, 

(b) evidence of bias errors manifested in the 
roll angle and sideslip, 

(c) process noise on the velocity 
measurement. 

The output-error optimisation can first be run 
with the parameter constraint weighting set to 
very low values (unity) to disable this part of the 
cost function effectively. The optimised time 
history comparisons arc shown in Fig 8 and 
corresponding calibiation correction estimates 
in Table 5. The time histories show excellent 
agreement after 30 iterations. Some observations 
ares 

(i) the roll and pitch time histories have been 
scaled to about 50% of their original 
values,, 

(ii) the initial yaw angle has been shifted by 
about 30 deg, 

(iii) the incidence measurement has been 
corrected but a negative initial value 
remains (cf positive pitch angle), 

(iv) the process has been incapable of fitting 
the process noise on the speed 
measurement. 


,k+l 

s est 


Diag 


ie the expected value of the off-diagonal terms 
k 

is zero, z q is the estimated model output 

obtained by using the model parameter 

estimates given at the kth iteration. 

The formulation given above assumes that pro¬ 
cess noise is absent and hence that the model 
equations (1) to (6) are correct. This is not the 
case in general but the uncertainties of most 
concern are associated with differences between 
inertial and local aerodynamic velocities in the 
velocity pass and vertical gyro anomalies in the 
attitude pass. These sources of error are often 


An examination of the calibration parameters in 
Table 5 provides evidence for some of these 
observations. The scaled attitudes are entirely a 
result of over- parametcrisation with the rate 
and attitude gyro scale factors strongly 
correlated, ie 


n , } \ 


r 1 + X, 


0 + *„> 


q' 1 + X e • 


(23) 


* 
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The scale factor and bias on the yaw channel and 
the initial value \j/(o) appear also to be correla¬ 
ted, such that, 

Xy iy(0) ~ by . (24) 

A quite distinct problem arises in the velocity 
pass, and is manifested in the magnitude of the 
accelerometer scale factor corrections X ax , X a y . 
These estimates arc considered to be physically 
implausible even though the standard deviations 
are very small. The expected accuracy of these 
quality inertial sensors is high and the small 
amplitude of the excursions in all but the pedal 
manoeuvres suggests that the effects should 
actually be very small in equations (4) and (5). 
In fact, these equations show that for small 
manoeuvres, du/dt and dv/dt are linearly 
related to 0 and $ respectively and that the 
gravitational terms dominate. The acceleration 
a x will however be strongly correlated with 
du/dt and 0 and the optimisation will try to 
use iis signal to minimise errors. Fig 9 shows 
the individual components of the du/dt and 
dv/dt variations confirming qualitatively the 
above points. This is the source of the anomaly 
and for both the velocity and attitude pass, 
recourse to parameter constraints has to be 
sought to achieve realistic solutions. 

The selection of the weighting elements of the 
matrix S is not obvious and in general may need 
to be different for each run. For the present 
study a ratio of 1 to 10® was chosen between 
corresponding free and fixed parameters. On 
the basis of the previous arguments, the 'fixed' 
parameters were selected as: 

Xp» Xq, Xj-, X ax , X a y, X az , by, y(o) . 

The results for the longitudinal cyclic run are 
given in Fig 10 along with the optimized cali¬ 
bration corrections in Tables 6 to 8. For the 
attitude pass the time history comparisons 
indicate that an excellent fit has been achieved 
for all runs. The attitude scale factor correc¬ 
tions are small with low standard deviations, 
except for the pitch attitude in the left cyclic 
run where a 13% change has been identified. 
The bias estimates are also in general small, 
typically of the order 1 deg. Exceptions are the 
roll biases for the collective runs which are of 
the order 3 deg. The initial values have been 
corrected accordingly as shown in Table 8. The 
results of the attitude pass lead to increased 
confidence in the measurements but there is 
sufficient scatter in the results from run to run 
to cause concern about the accuracy of any 
particular value. 


Turning to the velocity pass results, a more 
interesting set of comparisons can be observed. 
In general, a good optimisation has been 
achieved for each run with one or two excep¬ 
tions. The integrated velocity data typically 
exposes the need for bias corrections on the 
accelerometers and highlights the presence of 
process noise on the velocity channel. The aft 
cyclic run has converged with a high scale 
factor correction estimated for the sideslip 
velocity. Scale factor corrections are to be 
expected on the air data measurements on 
account of static calibration inaccuracies and 
also the bias effects of process noise present 
due to local flowfield effects. In general these 
are less than 10% and the estimates have fairly 
low standard deviations (<10% of parameter 
value). The aft cyclic run is a strong exception 
and attempts to stiffen other parameters to 
resolve the anomaly have not produced consis¬ 
tent results. 

The kinematic consistency analysis described 
above was conducted by RAE after most of the 
identification work had been completed by 
participating organisations. This study has 
provided insight into some of the pitfalls of 
state estimation. Estimated calibration 
correction factors vary from run to run in an 
unexpected manner although in absolute terms 
most of the values are small. It is not possible 
to recommend a definitive set of corrections for 
these supposedly deterministic errors and 
therefore, in most cases, filtered measurements 
are, it could be argued, appropriate for use 
directly in the model structure and parameter 
identification stages. 

4 Identification Methods 

Methods and results for the DLR and Glasgow 
identification are included in this section. 
Corresponding data from the other WG-18 
organisations will be reported in Padfield 
(1991). 

4.1 DLR 

Files for the 80 kn flight condition with 3211 
test inputs, which were concatenated for identi¬ 
fication purposes, were longitudinal cyclic 
(aft), lateral cyclic (right), pedal (left) and 
collective (up) control responses. Files used for 
verification purposes were longitudinal cyclic 
(forward), lateral cyclic (left), pedal (right) and 
collective (down) control responses.. In the 
model structure and parameter estimation stage 
of the identification process the chosen state 
vector was: 
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T 

x = (u, v, w, p, q, r, $, 0) (25) 

and the measurement vector was: 

T 

y = (a x , a y , a z , p, q, r, <(>, e, u, v, w) . (26) 


quadratic in the vicinity of the minimum), the 
multiple-run estimates and corresponding 
standard deviations may be obtained a priori 
using the individual results from the runs 
forming the basis of the multiple-run 
identification. 


I 


Estimation was carried out using the DLR non¬ 
linear maximum likelihood program (sec, e g 
Jategaonkar and Plaetschke, (1983)). All state 
variables were used and no use was made of 
pseudo-controls. No elements of the system 
and control input matrices were fixed and all 
kine-matic and gravity terms were included. 
Pure time delays were included for control 
inputs, except for the pedal input. 

4.2 University of GlasgowIRAE 

Files principally used for parameter identifi¬ 
cation involved the 80 kn flight condition with 
3211 inputs. Measurements used were speed, 
incidence, flank angle, pitch rate, pitch angle, 
roll rate, roll angle, yaw rate, longitudinal 
acceleration, lateral acceleration, normal 
acceleration, collective, longitudinal cyclic, 
lateral cyclic and pedal. The portion of each 
record used was not the same in all cases. The 
responses to the collective-down input were 
truncated after approximately 14 s and were 
thus significantly shorter than all other records 
which involved between 20 s and 25 s of data. 
The sampling frequency used was 32 Hz. No 
filtering was carried out on the flight data. 

Model structure and parameter estimation were 
carried out using a three-stage approach involv¬ 
ing frequency-domain equation-error and 
output-error techniques (Black and Murray- 
Smith, (1989); Black (1989)). Work was carried 
out using both single records and combinations 
of records. The analysis of combinations of 
records has involved the application of a 
technique, developed at the University of 
Glasgow, for multiple-run identification (Black 
and Leith, (1990)). This approach retains the 
individuality of separate runs and avoids some 
of the known problems of concatenation. It 
involves the introduction of an additional 
summation loop in front of the individual cost 
functions associated with each separate data set. 
This gives a combined cost function, 

J total = J i (27) 

for N data sets. Expressions have been derived 
which show that, under certain conditions (e g 
the cost surface is a close approximation to a 


The individual cost functions for the frequency- 
domain output-error stage of the identification 
process were based upon a maximum likelihood 
form of criterion involving summation over a 
specified frequency range. Pseudo control 
inputs were used in this approach. In this 
application the range considered was 0.049 Hz 
to 0.492 Hz. The error-covariance matrix 
estimate was updated at each iteration on the 
basis of predicted model outputs. Convergence 
is required in both the model parameter values 
and in diagonal elements of the error-covariance 
matrix. Minimisation involved a quasi-Newton 
method together with an optimal linear-search 
algorithm. Some parameters were fixed in the 
identification process but no other constraints 
were included. 

A time-domain output-error identification stage 
was used, following the frequency-domain 
output-error identification, in order to estimate 
zero offsets and initial states. 

Verification was carried out using data sets 
which were not used in identification. 


5 Identification and Verification 
Results 

The principal results of the studies are as 
follows; 

(i) Tables 9 through 13 contain the stability 
and control derivatives and equivalent time 
delays estimated by Glasgow, DLR, ONERA (with 
and without time delays), NAE and NLR. All 36 
stability and 24 control derivatives are 
included although in many cases (particularly 
Glasgow, DLR and NLR analyses), some arc 
deleted a priori, on the assumption of the small 
contribution to an adequate model structure. 

(ii) Table 14 contains the eigenvalues corres¬ 
ponding to the assembled state matrices (with 
known gravitational and kinematic terms). 
Included are the US Army results derived from 
transfer function fitting of the roll rate, yaw 
rate and sideslip response to lateral cyclic and 
pedal. 
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(iii) Tables 15 to 18 contain results from the 
modal analysis described in more detail in the 
next section. 

(iv) Figs 11 and 12 illustrate the Glasgow time 
history fits for translational and angular 
velocities corresponding to the identification 
and verification runs respectively. The 
concatenated runs for the identification are, 
from left to right, longitudinal cyclic (aft), 
lateral cyclic (right), pedal (left) and collective 
(up). Inputs for the verification runs corres¬ 
pond to the opposite directions. 

(v) Figs 13 and 14 illustrate similar results 
from the DLR. 

(vi) Fig 15 shows Helistab results for varying 
static stability derivatives (discussed in 
relation to longitudinal dynamics below). 

The derivatives in Table 9 to 13 are accom¬ 
panied by their standard deviations in 
parenthesis. Values of the latter below 5% of 
the associated parameters are deemed to be 
estimated with very high confidence. Nearly all 
the major derivatives (dampings, primary 
control, roll/yaw sideslip) fall into this 
category. Many of the cross coupling deriva¬ 
tives fall outside this category. The most 
disturbing feature is the variation of derivative 
estimates across the methods. Comparing 
results from Glasgow, DLR and ONERA (with 
time delay), there is some consistency (<20%) 
across derivatives like L y , Z c0 |, Z w and Np e{! , 
while other, equally important, effects are 
estimated with variations of 50% and higher, eg 
Lp, M q , L| at , Mj on . In some cases, very small 

but important derivatives are estimated with 
striking consistency, eg Y y , and others much 
less so, eg M w , X u . The total damping, computed 
either from the sum of matrix diagonal elements 
or eigenvalue real parts, varies from greater 
than 5 (Glasgow, DLR) to less than 3 (NAE, NLR). 
These anomalies are a source of concern and 
insufficient effort has been focused on resolving 
them to date. In most cases the same or very 
similar time histories were used in the identifi¬ 
cation, but the different cost functions, mini¬ 
misation algorithms and parameter constraints 
used will all lead to particular solutions and 
exacerbate the non-uniqueness of system 
identification process. The variation of results 
across the methods cannot be fully accounted 
for without recourse to more detailed examina¬ 
tion. The issue is raised, however, as to which, 
if any, of the approaches is the better. This is 
also difficult to resolve; the DLR and Glasgow 
multi-run results are classic examples. Roll 


and pitch damping are estimated to be greater 
than 2 and 1 respectively; the Helistab simula¬ 
tion predictions are -1.68 and -0.71 respec¬ 
tively and arc considered to be reasonable 
theoretical estimates of these effects. Is the 
simple Helistab theory really 50% in error, or 
are the flight derived estimates in some sense 
biased? Su.'h a question must have a validated 
answer before system identification methods 
can be used entirely with confidence. In the 
next section, the results summarised above will 
be examined in more detail with respect to the 
dynamic modes of motion to support an 
improved understanding of the variations 
discussed. 


6 Discussion of Results 

From the compendium of results contained in 
Tables 9 to 13 and Figs 3 to 6, we can extract 
subsets that reflect the fundamental properties 
of the dynamic modes under suitable conditions. 
In the mid-speed range, articulated-rotor 
helicopters typically exhibit conventional 
flight modes, eg short period, roll subsidence, 
etc; while couplings can be moderate, eg roll/ 
pitch, they manifest themselves as forced 
motions and tend not to have a strong effect on 
modal frequencies and dampings. Most of the 
dynamic excursions in the test manoeuvres can 
be considered to be within the normal linear 
range, at least as far as the aerodynamic loads 
are concerned. The estimated stability and 
control derivatives should therefore be reason¬ 
ably close to their physical counterparts; 
assembling the approximating factors from 
these can provide insight into the corresponding 
fit errors and the overall confidence levels in 
the results. 

(i) Longitudinal short period mode 

The approximate characteristic equation for 
this mode is very well documented in textbooks 
and has received detailed scrutiny by Padfield 
(1981). 

X 2 - (Z w + M q )X + Z w M q - M w (Z q + V) = 0 . 

. (28) 

This approximation assumes that speed is con¬ 
stant during the pitch manoeuvre. Table 15 
shows a comparison of the approximate results 
with the eigenvalue data from Table 14; 
included are the RAE Helistab simulation 
results. In most cases the agreement is within 
20%, some better than 5%. Where the 
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comparisons are good, attention can be focused 
on the simple components of the approximation. 
A comparison of results across the methods 
reveals stronger variations in damping and 
frequency. Why this should be so is difficult to 
explain without access to the details of the 
estimation algorithms and procedures. In order 
that these comparisons can je related to the 
short period time responses, the control effec¬ 
tiveness ratios need to be compared as shown in 
fable ' *■ Both cyclic and collective control 
sensiti *• 'damping ratios are included and 
these show a similar level of variation between 
methods. Another key parameter featuring in 
equation (28) is the static stability derivative 
M w , which serves to couple pitch and heave and 
turn what would otherwise be a pair of subsid¬ 
ences into an oscillation. The variation across 
the results is again strong and reflects the 
variations in short period frequency co S p . The 
standard deviations for the parameter estimates 
discussed arc typically quite small,, indicating 
good confidence in the values. 

The key time histories for pitch short period 
behaviour arc pitch rate and incidence for the 
identification run in response to longitudinal 
cyclic control. Both the DLR and Glasgow 
analyses used air data measurements. An 
obvious question to address is how such distinct 
derivatives and associated modal characteristics 
can result in such similar time responses. A 
comparison of the Glasgow and DLR results 
illustrates the point adequately; using the 
Glasgow results as a reference, the DLR results 
indicate,. 

(a) 25% difference in damping, 

(b) 40% difference in frequency, 

(c) 300% difference in static 
stability M w . 

The fits for the verification runs shown in 
Figs 12 and 14 arc poorer, particularly the 
Glasgow incidence comparison. 


complete cyclic of the phugoid mode. The 
approximate formulae for damping and fre¬ 
quency set out in Padficld (1981) is based on 
the assumption that the phugoid is character¬ 
ised by weakly damped vertical and horizontal 
motions. The damping is composed of a large 
number of small effects including the drag 
derivative X u . It is shown by Padfield (1981) 
that this approximation is unlikely to be valid 
at 80 kn and, of course, with barely one 
oscillation cycle of data, such weak damping 
would not be easy to estimate. The frequency on 
the other hand is dominated by a particular 
combination of derivatives; 


*2 


a Z wM» 

8 C ° S 0 (M q Z w - M w (Z q +V)) ‘ 


(29) 


Table 16 shows a comparison of e>p derived from 
equation (29) with the corresponding eigen¬ 
values of the full system taken from Table 14. 
It is clear that the estimation methods agree 
very well on these k arameters and that the 
approximation in equation (29) gives good 
agreement, with variations generally less than 
10%. It should be noticed that this correlation 
results from combining ind ; vidual effects (ie 
®sp M„) that typically vary by more than 
100%. This result suggests that some correla¬ 
tion exists between the identified parameters, 
eg the ratio of M u to o> S p is roughly a constant. 
Both the static stability derivatives M u and M w 
arc small, poorly identified (based on the 
scatter between different methods), but at the 
same time play a key role in the form of the 
response history. Fig 15 shows Helistab results 
for the Puma at 80 kn in response to a clinical 
3211 input on longitudinal cyclic. The short 
term response is strongly sensitive to M w and 
the longer term to M u . The range of derivative 
values depicted cover those values estimated by 
the different organisations. These results con¬ 
firm the classical importance of these deriva¬ 
tives to vehicle behaviour. 


Overall the results are inconclusive regarding 
the relative merits of one technique over 
another, with regard to estimating short period 
characteristics. 


The results for the two longitudinal modes 
described above suggest some conflict in the 
estimation of physically meaningful character¬ 
istics for both modes simultaneously. 


(ii) Longitudinal phugoid 

With only 25 s of response, the information 
content on the low frequency phugoid mode is 
low. In general however, the match of the u 
velocity component is quite good and reveals a 


(iii) Roll subsidence 

The role damping Lp is the key derivative here 
and Table 10 indicates an estimation range 
between -0.7 (NAE) and -2.5 (DLR). The 
standard deviations are very small for all 
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estimates. It is interesting to note that the two 
examples cited above correspond to cases with 
effective time delays of zero and 125 ms 
respectively. It is known (Padfield, 1987) that 
the roll damping can sometimes be grossly 
underestimates, if no account is taken of the 
effective delay introduced by the actuation and 
rotor system. This could well have played a 
part here. The roll mode eigenvalues given in 
Table 14 correlate well with the damping in 
most cases. Table 17 compares the rate sensi¬ 
tivity ratio for the various cases revealing a 
spread from 0.015 to 0.03 (rad/s %). Such a 
wide variation is not reflected in the short term 
roll response to lateral cyclic shown in identi¬ 
fied responses, eg Glasgow traces. As will the 
longitudinal modes however, the quality of 

lateral mode estimation cannot be fully dis¬ 
cussed in isolation. 

(iv) Dutch roll 

The approximating polynomial for the Dutch 
roll mode is more difficult to derive and will 
depend on the extent of coupling between roll, 
yaw and sideslip. The most general single mode 
formulation has been derived by Padfield 

(1991) and assumes that sideslip and sideways 

velocity can be regarded as weakly coupled. 

The quadratic then takes the form: 

2 2 

\ +2<> r )X + ia r = 0,, (30) 


A comparison of Dutch roll damping and fre¬ 
quency for the different methods is provided in 
Table 18. The frequency is generally predicted 
very well by the approximation, being domin¬ 
ated by the directional stability N v . In most 
cases about 75% of the damping is predicted by 
the approximation; the variation between 
methods is, however, quite large. Time history 
matches are good, particularly for yaw, but also 
roll and pitch. The quality of comparison in the 
verification runs is less good with even small 
mismatches in frequency and damping clearly 
visible in some cases (eg Glasgow results). 
Equations (31) and (32) highlight the role of 
the yaw/roll coupling derivatives (L r , Np) in 
the Dutch roll dynamics. In general, these 
parameters are expected to be physically less 
dominant and smaller than their primary 
counterparts (Lp , N f ). The results shown in 
Table 10 suggest the contrary in some cases (eg 
NAE - L r /L p , DLR, NLR - N p /N r ). To an extent 

these apparent distortions can be explained by 
the effects of inertial coupling between roll and 
yaw,, but by no means entirely. The potential 
for parameter correlation in the Dutch roll 
analysis is believed to be very high, especially 
with such low damping and the almost anti¬ 
phase relationship between roll and yaw. More 
discussion on the Dutch roll results arc con¬ 
tained in one of the application case studies in 
this lecture scries (see Padfield (1991)). 

(v) Spiral mode 


where 



■ 

|\ L vl 



N + Y + a < 

,, ■ _ 
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- 

PJ 



(31) 
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(VN + oL ) 
v_v' 



(32) 


The usual approximation for the slow spiral 
mode takes the form (Padfield and DuVal,, 1982): 


g (L v N r - N v L r ) 

V K 

(L p N v - N p L v +yL v ) 


(34) 


A cursory examination of the time histories 
indicates that there is little evidence of any 
spiral mode excitation at all in the dynamic 
response. A comparison of approximate and full 
model results for just the Glasgow and DLR data 
reveals the poor correlation particularly for the 
former, which is typical of results from all the 
different methods. 


a 


(g - N d V) 
L 

P 


Glasgow 

X* = -0.022 
(33) s 

X $ = -0.005 



i 
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DLR 

X* = -0.0673 
s 

X s = -0.048 . 

Like the phugoid damping, the spiral mode is 

difficult to identify, being a residue of two 
quite strong effects (c/ numerator in 

equation (34)) and is probably better identi¬ 
fied in part by conventional 'turns-on-one- 
control' manoeuvres (Padfield, 1985). 

(vi) Cross coupling 

The prediction and estimation of cross coupling 
effects on helicopters has presented serious 
hurdles and has been reported in much of the 
published identification work. An underlying 
concern has been that if the coupling effects are 
poorly estimated or distorted then this will 

reflect on the primary responses too, and in 
many cases this has led to the neglecting of 
coupling effects or their relegation to pseudo 
controls. Regarding the current Puma analysis 
the following observations can be made: 

(a) Lateral velocity, roll and yaw response for 
the longitudinal cyclic inputs are poorly pre¬ 
dicted in both identification and verification 
runs. The flight data indicates that the Dutch 
roll mode has been strongly excited while this 
mode is practically absent for the reconstructed 
responses. Most of the related derivatives, eg 
Lq, L w , Nq N w are estimated with low confid¬ 
ence and often have unrealistic values (eg Lq). 
The analyses do not normally provide data on 
the sensitivity of the overall cost function to 
individual time history fits . This kind of 
information could prove very useful in under¬ 
standing some of the anomalies, eg the roll 
response to longitudinal cyclic is as pronounced 
as the pitch response and yet, in most cases, the 
optimisation appears to have ruled out roll as a 
contribution to the minimising process. 

(b) In contrast, the pitch and heave responses 
during the lateral cyclic and pedal manoeuvres 
appear to be reasonably well modelled. This is 
particularly true for the DLR identification and 
verification results. Both the contributing 
derivatives Mp and My are estimated with high 
confidence although the former is of opposite 
sign to that predicted from purely aerodynamic 
considerations (Helistab value = -0.22). The 
relatively high value of M y is surprising and 
almost certainly a major contribution to the 
pitch response in the Dutch roll. 


(c) In general the collective responses 
provide the poorest comparisons. The Dutch 
roll mode is clearly excited yet few of the 
methods appear to capture the corresponding 
roll and yaw motions. The pitch/collective 
coupling is generally well represented, suggest¬ 
ing compatibility between the estimated char¬ 
acter of the short period mode in response to 
cyclic and collective inputs. 

(vii) Control derivatives 

The control effectiveness is one of the few 
derivatives with a direct physical interpreta¬ 
tion; following an application of control an 
aerodynamic force is generated that induces 
measurable fuselage translational and rotational 
accelerations. Control derivatives arc by far the 
most important parameters for control law 
design and having accurate estimates across the 
required frequency range is vital for maximis¬ 
ing robustness. The Puma estimates arc con¬ 
tained in Tables 11 and 12. Some notable 
features arc: 

(a) Primary cyclic derivatives are estimated 
with low standard deviations but vary across the 
methods by more than 50% relative to the 
Glasgow reference value. 

(b) Cross cyclic control derivatives are 
estimated with low confidence, sometimes not at 
all, and sometimes with different signs. 

(c) With the exception of the DLR value the 
pitching moment from collective ic estimated 
with strong consistency. 

(d) The collective sensitivity Z co | is estimated 
with confidence but again varies between 
methods; the heave sensitivity Z co |/Z w appears 
'o be reasonably constant acioss the methods 
however. 

(c) The yaw control derivative Np e(1 varies 
by about 25% of the Glasgow reference value; the 
corresponding sideforcc derivatives are 
generally estimated with low confidence 
however and do not relate kinematically with 


(f) The X and Y control derivatives are 
generally small and poorly estimated. 

(viii) General 

An important factor to recognise in system 
identification is that the values of the estimated 
parameters within a given model structure are 
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instrinsically linked to one another. This is 
particularly acute within the individual modes 
of motion as demonstrated in the above discus¬ 
sion, eg if the value of Mq was varied in 
equation (29) then other parameters, say M u , 
would need to change to give the same value of 
Op . Hence, any individual parameter distor¬ 
tions or errors propagate throughout the model 
structure. Cross-coupling derivatives can have 
a most insidious affect in the context, corrupt¬ 
ing the values of more important primary 
stability and control derivatives. This linkage 
or correlation has been demonstrated on several 
occasions above and appears to be common to all 
of the different approaches taken. The phenom¬ 
enon is, of course, intrinsic to the basic multi¬ 
run, full-state model structure analysis, 
whether output-error or equation-error. 
Classically it can be described as aver- 
parameterisation and can only be overcome by 
constraining the model structure or improving 
the information content in the test data. The 
latter is primarily dependent on the control 
input shaping; the 3211 runs used for the SA 
330 analysis were composed of a 7 s forced 
response following by 18 s of free response. 
The spectrum of the control input and hence the 
force response is relatively broad up to about 
3 rad/s. The free response, constituting over 
70% of the manoeuvre, is made up entirely of 
the natural modes with relative magnitudes 
dependent on the 'initial conditions' at the 
termination of the control input. In practice, 
the weakly damped Dutch roll and phugoid 
dominate the response. The information content 
will therefore be quite different from data 
obtained from persistent excitation, e g 
frequency sweep. No analysis of the sensitivity 
of parameter estimates to information content 
was carried out on the SA 330 data by WG-18. 
There appears to be potential for improved 
understanding of the results through such 
analysis; additional interactive tools could help 
here, allowing the fit weightings to be varied 
across different measurements and data time/ 
frequency slices. 

With regard to model structure constraints, 
again only limited work was achieved by WG-18 
amounting to the fixing of particular derivatives 
to zero, the treatment of cross '■oupling as 
pseudo controls (Padfield, 1991) and the single 
mode transfer function analysis by the US Army 
(Padfield, 1991). Further analysis is required 
before general conclusions can be drawn but, 
once again, there is potential for improved 
understanding through creative model structure 
constraints allied to the information content 
analysis discussed above. 


7 Conclusions 

Six of the participating organisations in AGARD 
WG-18 conducted system identification on the 
SA 330 Puma flight test data provided by the 
Royal Aerospace Establishment, UK. This Paper 
has reviewed the test data itself and the various 
identification methods applied by the different 
organisations. A six degree of freedom model 
structure was assumed for all the work. Results 
have been presented including estimates of 
stability and control derivatives and compari¬ 
son of test and reconstructed time histories for 
the collection cf multi-step control input 
manoeuvres. Special consideration has been 
given to the RAE data consistency analysis and 
also a physical interp •ation of the derivatives 
through approximations iO the dynamic modes of 
motion. From the results presented the follow¬ 
ing observations and conclusions can be drawn. 

(i) Calibration factor corrections derived 
from a systematic output-error analysis has 
highlighted a variability from run to run that 
cannot be fully explained from the analysis. A 
constrained optimisation was required to 
achieve a realistic solution in most cases. The 
correction factors are generally small and 
readily account for integrated inertial errors 
that otherwise grow during the manoeuvres. 

(ii) Many of the primary derivatives are 
estimated with a strong confidence by the 
various methods. However, the variation 
between results from different methods is a 
cause for concern. Typically, very good time 
history fits are achieved by two methods with 
widely differing (>50%) derivative estimates. 

(iii) Cross coupling derivatives are generally 
estimated with low confidence; on occasions the 
values are still significant which must, in turn, 
cast doubt on the distorted values of the associ¬ 
ated primary derivatives. 

(iv) An analysis of the modal behaviour 
through approximate formulae has proved useful 
in highlighting the importance or otherwise of 
particular combinations of derivatives. Some 
correlation between modal estimates has been 
observed, eg phugoid period and short period 
damping, Dutch roll and roll subsidence, ie an 
Mq value appropriate to the phugoid may not be 
best for the pitch mode. The results are some¬ 
what inconclusive, however, and further 
information content and model structure 
analysis is required to support an improved 
understanding of the results. 
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(v) Potentially useful analysis tools to 
support the identification have been identified, 
eg sensitivity of the cost function to the fits of 
individual time histories, or portions of 
response. 
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Mass and moments of Inartia 
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<$ 3 angle 


-45° 


Horizontal stabllator 

Span 


2 11 m 

Area 


14 m 2 

Incidence 


-1° 



Vertical tail 
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Table 1 Physical characteristics of the RAE Research SA-330 
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Control displacements 


Variables 

Quantity 

Source 

Original 
Sampling 
Rate 
(in Hz) 

Forward/aft c\ die 

Potentiometer 

128 

Lateral Cyclic 

Potentiometer 

... .. — . 

128 

Pedal 

Potentiometer 

128 

Collective 

Potentiometer 

128 


Table 3 SA-330 Control Variables 

Data provided at a uniform sampling rate of 64 Hz. 
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Group 

Variables 

Quantity 

Source 

Original 
Sampling 
Rate 
(in Hz) 

Air data 

Angle of attack 

Noscboom vane 

128 

Angle of sideslip 

Noscboom vane 
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Airspeed 
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Climb rate 

Static pressure 

128 

Linear accelerations 
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lateral acceleration 
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Normal acceleration 
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256 

Attitude angles 
(Euler angles) 

Roll angle 

Vertical gyro and agility package 

128 

Pitch angle 

Vertical gyro and agility package 

128 

Yaw angle 

Directional gyro 
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Angular rates 

Roll rate 

Rate gyro and agility package 
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Pitch rate 

Rate gyro and agility package 

256 

Yaw rate 

Rale gyro and agility package 
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Rotor 

RPM 

I achomcter 

256 


Table 4 SA 330 Response Variables 
Data provided at a uniform sampling rate of 64 Hz. 
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Table o SA-330 data consistency analysis with constrained optimisation: Scale factors 
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Table 7 SA-330 data consistency analysis with constrained optimisation: Biases 
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fable 8 SA-330 data consistency analysis with constrained optimisation: Initial conditions 
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Mu 
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0.0074 


Table 16 SA-330 comparison of phugoid characteristics 

a/p-approximation equation (6.3.30) 
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Fig 4 SA330 Puma database • response to 3211 lateral cyclic Inputs 
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~lg 9 Components of velocity derivatives - F568FAC.FWD 
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Fig 10 Comparison of measured attitudes and air data with constrained optimisation of reconstructed Inertial measurements 
- Puma F568FAC.FWD 















Fig 11 Comparison ot {light and estimated time histories - Glasgow (Identficatlon) 










Fig 12 Comparison of flight and estimated time histories - Glasgow (verification) 
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Fig 13 Comparison oi flight and estimated time histories - DLR (identflcatlon) 










Comparison of flight and estimated time histories - DLR (verification) 
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Industry View on Rotorcraft System Identification 


D. Banerjee and J.W. Harding 
McDonnell Douglas Helicopter Company 
Mesa, Arizona 


1. Abstract 

An industry perspective on rotorcraft system identifi¬ 
cation is presented based on responses from eight ma¬ 
jor rotorcraft manufacturers to a questionnaire sent 
out by the AGARD FMP Working Group 18 on Ro¬ 
torcraft System Identification. Several manufacturers 
are implementing system identification techniques for 
model validation and flight control law development. 
Concerns over costly data requirements and nonstan- 
dardited procedures are echoed. An example of th - 
application of system identification for design support 
at McDonnell Douglas Helicopter Company (MDHC) 
is discussed. 

The contributing rotorcraft manufacturers include: 
MDHC, Aerospatiale, Agusta, Bell Helicopter Tex¬ 
tron Inc. (BHTI), Boeing Helicopters, Messerschmidt- 
Bolkow- Blohm (MBB), Sikorsky, and Westland. 

2. Introduction 

System identification can best be described as the de¬ 
termination of system characteristics from measured 
data. In flight dynamics, system identification can 
be used as a means of correlating theory and experi¬ 
ment and is often applied to handling qualities anal¬ 
ysis, model validation, and flight control law develop¬ 
ment. Practical use of these techniques in the rotor¬ 
craft industry is hampered by the complex dynamics 
and severe flight test measurement requirement asso¬ 
ciated with helicopters. In recent years as these prob¬ 
lems are overcome, development of system identifica¬ 
tion techniques for rotorcraft flight dynamic analysis 
has increased. The ultimate goal of such developments 
for industry is to decrease design costs by reducing the 
necessary flight testing and re-design for aircraft not 
performing as designed. 

One objective of the Working Group was to devel p 
guidelines for the application of identification tech¬ 
niques for design and development. To be effective in 
achieving this objective, it was important to get infor¬ 
mation on the industry’s experience with and percep¬ 
tion of the methodology as applied to solve rotorcraft 
development problems. The WG sent questionnaires 
to the eight major rotorcraft manufacturers requesting 
information on the ure of system identification meth¬ 


ods and the responses are summarised in this paper. 


3. Industry Response 

MDHC is working with both time- and frequency- 
domain identification. For time-domain identification, 
both Output Error (OE) and Maximum Likelihood 
(ML) techniques are used. OE identification has been 
applied to flight simulation model validation (Du Val, 
et al. [I)) and WG-18 activities. In a separate ef¬ 
fort, ML was used to identify a reduced order stability 
derivative model to support flight control law devel¬ 
opment. This work is described later in this paper. A 
frequency response method based on the CIFER soft¬ 
ware package (Tischler, 1990 [2|) is currently being 
applied to AH-64 flight test data. MDHC is moving 
aggressively to implement system identification tech¬ 
niques in linear handling qualities and non-linear flight 
simulation models and also in other applications where 
modeling parameters are not adequately quantified. 

Aerospatiale has conducted a joint activity with ON- 
ERA. Aerospatiale was responsible for the flight test¬ 
ing and has concluded that requirements for high qual¬ 
ity measurements, careful testing, and test time dura¬ 
tions preclude short flight test development. ONERA 
was responsible for the development and validation 
of time-domain identification tools. Identified linear 
models were not found to be as useful for validating 
and improving simulation models as expected. 

Agusta uses a least-squares identification technique to 
minimise the error between flight test and simulated 
time histories (computed by the nonlinear ARMCOP 
program). Models are defined in ARMCOP by a set 
of parameters which include geometric and aerody¬ 
namic characteristics of the main and tail rotors, fuse¬ 
lage, vertical fin, and horirontal stabilizer. A subset of 
these parameters is selected to be identified and their 
values are sub’ected to constraints. A set of ‘effective 
parameters’ »s found for each flight condition. This 
technique has been applied to both A109 and SA-330 
(WG-18) flight test data. 

BHTI uses force determination methods for structural 
dynamics analysis, however, no formal system iden¬ 
tification methods are used in the handling qualities 
group. BHTI states that the system identification field 
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has not reached the game level of maturity as force de¬ 
termination aa evidenced by the lade of validated soft¬ 
ware. Development and validation of the techniques 
for use by the helicopter industry is encouraged. 

Boeing’s most recent experience with system identi¬ 
fication occurred on the ADOCS program where fre¬ 
quency response analysis techniques (Tischler, 1987 
(3j) were used to document the closed loop com¬ 
mand/response characteristics of the aircraft. Close 
correlation of both gain and phase characteristics be¬ 
tween analytical predictions and Sight test results 
have provided a higher level of confidence in predic¬ 
tive capability. Time-domain methods including Max¬ 
imum Likelihood Estimation (MLE) and Orthogonal- 
ited Projection Estimation (OPE) algorithms have 
been applied to analytical and Sight test response data 
for the purpose of identifying open-loop aircraft char¬ 
acteristics in terms of stability and control derivatives. 
The MLE methods appear to be more robust than the 
OPE techniques. A limitation of system identification 
methods is the requirement for a substantial amount 
of data and a large number of sensors specific to han¬ 
dling qualities work which often are at a lower priority 
than loads and stress related parameters. 

MBB, in a joint research program with DLR, iden¬ 
tified a model from BOlOS Sight data taken at 70 
knots (Rix [4]). In addition, an extended flight en¬ 
velope was identified (Kloster [5]). Difficulties in the 
flight data included vibration effects, drifts in speed 
measurements, and poor accuracy in horisontal linear 
accelerations. Comparisons between identified deriva¬ 
tive models and theoretical results from non-linear 
simulation and quasi-static models were made. Time 
history agreement was good while derivative compar¬ 
isons were sometimes poor. MBB expressed t',; need 
for a standardised identification procedure which gives 
comparable results. 

Sikorsky invested significant effort in helicopter pa¬ 
rameter identification in the early 70’s but became 
disenchanted when it became obvious that the derived 
parameters, while able to reproduce time histories ac¬ 
curately, were physically meaningless. More recently, 
frequency-domain methods have bevn used to validate 
the GEN HEL model against flight test data from the 
CH-53E helicopter taken during the Technical Evalua¬ 
tion Program (TEP). Frequency-domain methods are 
now used routinely with simulation and in handling 
qualities work to show compliance with some parts of 
the new specification. At this time, bated on our ex¬ 
perience, no parameter identification code is available 
that is robust and mature enough for industry use. 

Westland has no specific experience that has been 
thought of as system identification. The perception 
of the methodology is that it reproduces a particular 
phenomenon under a particular set of circumstances 
without necessarily advancing the understanding of 
the phenomenon. Any success is related to engineer¬ 


ing experience, flair, judgement, and understanding 
oj the physical factors involved and which underlie the 
proposed model structure rather than any sophisticated 
system identification methodology. 

4. Receni Application of System Iden¬ 
tification 

One of the enhancing characteristics of MDHC’s new 
MD520N NOTAR™ equipped aircraft is the degree 
to which yaw response is decoupled from collective 
control changes. This inherent decoupling reduces pi¬ 
lot workload when compared to other single rotor he¬ 
licopters. As is often the case, however, a new de¬ 
sign brings both advantages and disadvantages. The 
MD520N is statically unstable in yaw in one rather 
narrow region of its flight regime, i.e., in partial power 
descents in the mid speed range (around 60 knots). At 
that flight condition, the vertical fins do not produce 
sufficient yaw moment to overcome the adverse mo¬ 
ment created by the fuselage. The divergence is slow 
enough that a pilot can stabilise it without signifi¬ 
cant difficulty. However, the increased workload was 
considered objectionable, and a solution was deemed 
necessary. 

Several modifications to airive at an aerodynamic so¬ 
lution were tested, but none was completely satisfac¬ 
tory. While an aerodynamic solution would certainly 
have been preferred, it was finally decided to try an 
active feedback control approach. The MD520N yaw 
control system consisted of a variable pitch tail boom 
pressurization fan, circulation control slots, thruster 
control ports, and two variable incidence vertical fins, 
?U mechanically linked and controlled by the pilot 
with pedals. Several actuation approaches were con¬ 
sidered, with the final choice being to dedicate one 
vertical fin, with limited authority, to the active yaw 
control system, and retaining the remainder of the me¬ 
chanical control system intact. The advantages of this 
approach are: 

• Simple mechanical redesign and installation 

• Minimal impact on hover and low speed aide- 
ward and rearward flight characteristics 

• Requires relatively small actuation forces 

• Feedback control system failures can not possi¬ 
bly affect the mechanical control system and are 
easily overridden by the pilot. 

With a design approach decided, it only remained to 
determine the required feedback measurements and 
associated gains and time constants. To support the 
analysis and design, a model of the aircraft dynamics 
was needed. No simulation of the vehicle had been de¬ 
veloped, but a great deal of flight test data was avail¬ 
able. A 3 DOF linear model of the lateral/directional 






axes was assumed adequate for the required analysis. 
The model structure, along with flight test recordings 
of input stimuli and output responses, was input to 
a ML system identification program to determine the 
coefficients of the linear model. 

The model states were roll rate, yaw rate, sideslip an¬ 
gle, and roll attitude. The inputs were lateral cyclic 
and pedal controls The model outputs were the 
model states plus lateral acceleration. A 30 second 
flight test segment was used for the identification pro¬ 
cedure. This segment covered the problem flight con¬ 
dition at 60 knots in a partial power descent (approxi¬ 
mately 800 ft/min) where the pilot controlled sideslip 
for the first 7 seconds, then allowed the yaw diver¬ 
gence for approximately 4 seconds, then re-established 
control over sideslip (approximately 10 seconds), and 
finally continued sideslip control for the remainder of 
the segment. The measurements were uniformly sam¬ 
pled at 100 Hi. 

The ML system identification algorithm uses a 
Kalman filter formulation of the system model where 
the state transition matrix and the input and output 
matrices are defined as functions of the parameters to 
be estimated. The identification procedure is iterative 
and, therefore, must be given an initial estimate of the 
parameters. The procedure adjusts the parameters at 
each iteration with the goal of minimising the sum of 
the square of the Kalman filter innovation sequence 
over the entire time history. At any point, the model 
output time history may be compared to the flight test 
data to judge the degree of match. 

The figure shows the model output time histories su¬ 
perimposed on the flight test data along with the lat¬ 
eral and directional control inputs. The yaw rate and 
sideslip fit is quite good. Roll attitude matches very 
well considering the poor resolution in the flight test 
data. Roll rate and lateral acceleration do not match 
as well due to possible longitudinal coupling and the 
breakdown of the linear assumption for large sideslip 
angles. 

A yaw controller that uses sideslip as a measurement 
would be ideal for providing the required static stabil¬ 
ity. Unfortunately, sideslip sensors have many practi¬ 
cal limitations, particularly in helicopter applications. 
Therefore, a controller was designed using yaw rate 
and lateral acceleration measurements. A wash-out on 
yaw rate was included to reduce the adverse yaw effect 
in turns. A lag on lateral acceleration was included for 
noise rejection. The identified 3 DOF linear model, 
the yaw controller structure, and a pilot model for roll 
stabilisation were combined to simulate the problem. 
Classical frequency domain and root locus techniques 
were used to determine the gains and time constants 
for the yaw controller. Simulations were run with sen¬ 
sor noise and biases and an aircraft vibration model 
to check performance under more realistic conditions. 
The controller, along with a gain and time constant 


change mechanism, was installed in the flight test ve¬ 
hicle. Several flight were conducted to validate the 
controller performance and gain margins and to fine 
tune the controller parameters for the problem flight 
condition as well as the entire flight envelope. During 
Sight test, the yaw rate gain was reduced to half of 
the design gain to reduce control activity and provide 
a smoother ride at high speed. 


5. Conclusions 

FYom an industry standpoint, requirements for ded¬ 
icated flight testing to produce a high quality data 
base are a limiting factor to the application of these 
techniques. Although several major manufacturers are 
implementing system identification in various forms, 
concerns still exist over the robustness of these meth¬ 
ods to provide accurate stability and control deriva¬ 
tives. The need for a standardised methodology is 
recogniied. 
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Summary 

The role of system identification in the validation of rotorcraft simulation models is examined in 
terms of the overall 'functional' fidelity and individual component 'physical' fidelity. Validation 
acceptance criteria are discussed in terms of modelling range and accuracy for the three 
fundamental flight mechanics problems - trim, stability and response. Model development and 
upgrading arc described as a natural part of validation, and the role that system identifiration can 
play in highlighting model deficiencies is discussed. An example from the six-degree-of-freedom 
analysis conducted by AGARD WG-18 is presented to illustrate functional validation and the merits 
of model distortion analysis in identifying deficiencies. Results from a more detailed analysis of 
the SA 330 blade flapping dynamics are presented to illustrate physical validation. 


1 Introduction 

The potential of simulation as a flight dynamics and performance support tool is considerable both 
in research and project applications, from design through development and certification. Some uses 
arc listed below: 

(a) Developing control laws for handling qualities and disturbance rejection. 

(b) Checking compliance with flying qualities requirements for both clinical mission- 
task-clcments and general flying tasks. 

(c) Checking adequacy of control and stability at the edges of the flight envelope. 

(d) Establishing control strategy following engine failure during various flight nhases eg 
take-off. 

(e) Developing functional integration of flight control with navigation, fire control, engine 
control systems etc. 

(f) Developing display formats for operations in reduced usablc-cue-environments. 

In addition, the current and future potential value of simulation in pilot training is very high both 
in reducing flight hours required and improving safety. Examples include procedural operations, 
tactical operations and emergency situations. 

Confidence in the results of simulation in these applications can be directly related to the fidelity 
or validity of the simulation, encompassing the full range of cues to which the pilot is exposed. At a 
fundamental level all cues are generated by the mathematical model at the heart of a simulation and, 
while it is not sufficient, it is certainly necessary that a model must be a valid representation of the 
'real world' to be fit for useful work. 
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In a general sense, model validation refers to establishing the range and accuracy of a theoretical 
model for predicting the behaviour of an aircraft in response to pilot commands and external 
disturbances (eg gusts). The activity can more appropriately be described as calibration, 

highlighting the need for a scientific approach to the design of supporting experiments, in addition 
to the specialist efforts required for interpretation and analysis. The modelling range can be 
conveniently defined in terms of frequency and amplitude which, structurally, reflects the modal 
content and degree of nonlinearity. Within this range, we can draw a distinction between functional 
and physical validation, the former concerned with overall model response fidelity, the latter with 
the accuracy of the underlying modelling assumptions. Many of the rotorcraft modelling 

assumptions, (eg for inflow distribution, blade dynamics, interference effects etc) will have a 

limited range of fairly precise validity, and a broader range of marginal "alidity. In combination, 

the functional validity is difficult to quantify and depends upon the application. But validation 
involves much more than calibration and checking modelling assumptions; improvements are 
implicit in the process of validation, and any method that defines the limits of application of a 
model should also be able to identify the modelling features needing further development or the 
areas where assumptions are breaking down. 

The role of system identification in the validation activity is illustrated in Fig 1. Parameters in 
an identified model structure, derived from test data, are compared with the same physical 
parameters in a theoretical model. The quality of the comparison will determine the verification 
effort required using different data sets and whether a model upgrade or further experiments need 
to be conducted. The product of this incremental and iterative exercise is a simulation model, fit 
for use over the range of conditions covered by the validation. In practice, use is likely to be 
extended beyond this range, towards conditions uncharted in the real-flight environment, often for 
safety reasons. The importance of validation for this special application is paramount. 

For the purposes of discusr'on the validation process can be organised into the following steps. 

(1) Establish acceptance criteria. 

(2) Conduct flight tests and collect data. 

(3) Conduct simulation tests and compare results. 

(4) Analyse discrepancies and modify model to satisfy acceptance criteria. 

In this paper, we distinguish between the functional and physical fidelity and validation of a 
simulation model. As noted above, the former relates to the overall goodness of fit of aire>aft 
response to controls and disturbances, the latter to the accuracy of model component behaviour and 
modelling assumptions. The topics are connected through the requirement to establish sensitivities 
of fidelity to the modelling assumptions. In the following sections, each step in the validation 
process is discussed from the standpoint of both functional and physical validation. The topic of 
acceptance criteria for simulation models is covered in section 2; the flight testing and data 
requirements are not treated in this paper, but are dealt with adequately in other papers in this 
Lecture Series and in the report of AGARD WG-18 (AGARD, 1991). Sections 3 and 4 discuss the role 
of system identification in the simulation validation activity and the methodologies for conducting 
comparisons and analysing discrepancies; section 5 presents examples *>om both functional and 
physical validation activities drawn from the RAE Research SA 330 Puma (Fig 2) flight test 
database. 


2 Validation Acceptance Criteria 
2.1 Functional fidelity 
2.1.1 Objective 

When the intended use of a simulation model is for real time piloted investigations, then the 
principal objective of validation is calibrating the fidelity of the model outputs that provide the 
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piloting motion and visual cue sources, displacement, velocity and acceleration in the six spacial 
degrees of freedom. In addition, the control positions relate directly to the modelling accuracy. A 
framework for discussing and analysing model fidelity can be developed in terms of the range over 
which the model is valid and the accuracy criteria and level within this range. 

2.1.2 Scope 

When discussing model range and accuracy it is important to define exactly what the model is 
intended to predict. In flight dynamics the three important problem areas are trim, stability and 
response. In mathematical terms, these can be expressed as different solution forms of the general 
nonlinear evolutionary equations of motion (ignoring hereditary effects). 


= f(x,u,t) ,, (1) 

where x(t) is the state vector comprising, in general, fuselage, air mass and rotor states; f(x,u,:) 
is a general forcing function comprising contributions from inertial, gravitational and aerodynamic 
sources and an explicit dependence on time to allow for prescribed disturbances and non-stationary 
effects ; u(t) is the control vector. 

The trim solution is given by. 


f(x c ,u e ) = 0 , 


(2) 


where the subscript e refers to the equilibrium or trim values. 
The stability solution is given by. 


del 

*.-gr 


L v x / x cj 


where tne values of X correspond to the exponents of the small perturbation exponential transients 
ie the eigenvalues of the linearisation of f(x,u,t) about the trim point x c . 

The response solution is given by, 

x(t) = x(0) + | f(x,u,t)dt . (4) 

0 


Model accuracy is therefore related to the controls u required to hold a state x , the location 
of the system eigenvalues X and associated vectors aid the time response x(t) to control inputs 
and disturbances expressed in the time or frequency domain. All three need to be quantified to 
give a comprehensive measure of model accuracy. Just how accurate the model has to be, relative to 
test data, depends upon the application. For example, the examination of 'rends during research 
and feasibility studies is not nearly as critical as predicting handling and control problems in a 
test programme to expand the flight envelope. On the other hand, if the flying qualities 
requirements are a primary design driver in a particular area, then predicting the correct 
behaviour at the earliest possible stage of a project is very desirable. 

2.1.3 Range 

Before discussing the application of system identification to these three problems, some 
definition of the range of validity is required. The natural dimensions of model range are frequency 
and amplitude and they embrace all three flight dynamics problems. 
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(a) Trim states are defined by the envelope of velocity (airspeed, V), flight path angle (y ), 
sideslip angle (p) and turn rate (to), achievable within the limits of the control ranges, power and 
aerodynamic or structural limits. With four controls available, only four vehicle stales can be 
defined or controlled independently and the selection given above, although arbitrary, is a natural 
piloting choice of primary variables. In this case, the secondary trim variables are the body 
attitudes, (<t>,8,i)i), rates (p,q,r), velocities (u,v,w), torque, rotor speed and corresponding rotor flap 
and lag angles. 

(b) The range over which the rotorcraft stability is to be assessed can be defined by a 
bounded region in the complex plane, which includes all coupled rotor/fuselage modes that impact 
oil the flight dynamics problem under investigation. In addition to the usual linear behaviour 
about trim states, the stability analysis should also encompass any limit cycle behaviour through 
equivalent linearisation or a describing function approach. 

(c) The response problem presents the greatest challenge, with respect to the validation 
range, encompassing, as it does, small and large amplitude transient, open loop dynamics and forced, 
closed loop manoeuvres. The US flying qualities requirements, ADS-33C (AVSCOM, 1989), presents 
response criteria in different forms depending on the response amplitude. In general, small 
amplitude response is governed by the bandwidth criteria, moderate amplitude by the quickness or 
attack parameter and large ar olitudes by the control power. Three features of ADS-33C are worth 
highlighting, however. 

( 1 ) They represent minimum acceptable criteria, and therefore do not necessarily 

require a vehicle or simulation to be exercised across its full dynamic range to satisfy 
handling requirements. 

(ii) They represent necessary, but not sufficient, criteria. For example, the format is 

single input/single output, while in practice, a simulation has to be good for situations where 
the pilot uses a combination of controls to manoeuvre from one trim stale to another. 

(in) ADS-33C is presented in a format based on a collection of one or two parameter 
criteria, and the method of extracting the parameters from test data is clearly defined. In 
particular, with one or two exceptions, the parameters are not derived from an assumed model 
structure so much as direct pointwise extraction from graphical data. 

While the new flying qualities format has its shortcomings, these are generally acknowledged and 
exist because of the inadequate database of test results available from which to construct the 
criteria. As a definition of response range it is certainly incomplete but is a useful starting point; 
more work is needed to develop and expand the format to provide a comprehensive set able to 
exercise the vehicle dynamics fully. 

2.1.4 Accuracy 

While there can be no absolute criteria for the validity of a simulation model, there is a clear 
requirement for quantifying accuracy criteria. 

(a) Predicted trim states should match flight estimates to within X% of full trim range 
for controls, attitudes and power requirements. The value of X may be as small as 0(1) for hover 
power predictions, <5 for control margins at the flight envelope limits and 0(10) for fuselage 
attitudes across the speed range. 

(b) Predicted stability should match flight estimates to within Y% of the modulus of the 
corresponding eigenvalue. Individual criteria for each of the system modes are likely to be more 
useful when a wide modulus separation is present. 

(c) Predicted response, in the expended format of ADS-33C, derived from time and 
freauency responses to controls and disturbances, should match flight estimates to within 2 % of 
full response range. This criterion does not include the standard time history comparison test, on 
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the grounds that long term departures of flight and simulation responses, following initial, short- 
duration, control or disturbance inputs, do not generally imply poor validation; the smallest 
difference in initial conditions or modelling errors will always integrate to large values given 
enough time, and accurate piecewise comparisons of time histories after 20 or 30 seconds, for 
example, would be an unreasonable validation test. A potentially useful criterion format here 
would take account of this characteristic by weighting the time response error function e (t) with 
the matrix function W(t) appropriately in the cost function J . 


J 



e W(t) e T dt 


(5) 


For particular applications the criterion could take different forms. Tischlr (1990), for example, 

presents criteria for the engineering validation of a nonlinear simulation model to be used for 

piloted investigations of helicopter accidents. For short term responses 'the peak value and 50% 
rise-time of the simulation and flight values shall match to within 20% of the flight values.' For 
long term responses 'the stability trends shall be consistent with the flight data.' For off-axes 

response, 'the trend of the response shall have the correct sign following the on-axes input during 

the time period up to 100% rise-time.' 

To be acceptable, a set of simulation validation criteria must be substantiated by pilot subjective 
opinion, supported by analysis quantifying the level of similarity between pilot control strategy in 
flight and simulation. This is still a very immature topic, requiring fundamental research :o 
establish rules and how they relate to the different application areas. 

2.2 Physical fidelity 

Functional fidelity and validation are associated with the modelled behaviour of an aircraft's six 
degrees of kinematic freedom. For handling qualities investigations and piloted simulation experi¬ 
ments, these are the key variables of interest. However, as noted above, goodness of fit of overall 
time or frequency responses provides little insight into specific modelling deficiencies or required 
improvements. Only the very experienced engineer can be expected to be able to diagnose the source 
of problems from such data. If a model is required to support engineering development or studies 
into more generic design trade-offs, then a different approach is needed. We have described 

physical fidelity and validation as the attribute and activity addressing the underlying modelling 

assumptions. More than anything else, physical ’alidation is concerned with quantifying the range 
and accuracy of the collection of these assumptions. Fig 3 attempts to encapsulate this idea; the 
functional relationship between the overall system input y and output x is represented by the 
operator F. Internal dynamic elements have their own operators; physical validation is concerned 
with these more primitive modelling elements. An immediate requirement, beyond the scope of 

functional validation, is for significantly more detailed measurements of behaviour internal to the 
model. Examples are, 

(a) If the rotor induced inflow model structure and parameter values are to be validated, 

then measurements of the azimuthal and radial load and incidence distribution may be 

required. 

(b) If the elastic blade deformation approximations are. to be validated, then measurements 
of blade strain/bending moments may be required. 

(c) If the blade element aerodynamic formulations are to be validated, then detailed load¬ 
ings need to be measured. 

(d) If the rotor-wake/fuselage/empennage interactional aerodynamic model is to be vali¬ 
dated then measurements of the flowfield and surface pressures may be lequired. 

(e) If the tail rotor thrust/torque modelling is to be validated, the measurements of these 
and the rotor states may be required. 




Similar requirements fall on all of the individually modelled elements. The complete task is very 
difficult and expensive to accomplish in flight and most component model validation has been 
conducted at rnodei scale in wind tunnels. 

The scope of physical validation and fidelity is therefore considerably greater than for functional 
fidelity as discussed above. The range of interest covers all the operating conditions that 
component elements will be exposed to in the applications of interest, eg a stall model for section 
aerodynamics will be required to expose handling effects in limiting conditions; a main rotor 
wakc/tail-rotor interactional model will be required to establish tail rotor control limits for hovers 
in side winds. Accuracy requirements will vary according to the application, as for functional 
validation. In fact, the two levels of validation are related strongly ,n this respect; the sensitivity 
of the functional fidelity to the accuracy of modelling assumptions, hence the details of physical 
validation, is of central interest in the development of an engineering simulation. System 
identification plays a role common to both. 

3 System Identification in Functional and Physical Validation 

System identification is, in a general sense, a sophisticated form of curve fitting and has application 
to all three problem areas - trim, stability and dynamic response. Practically all the published 
work on rotorcraft system identification has been concerned with linearised models and, except for 
some notable exceptions (Padfieid, editor, 1988), with the functional validation of conventional six- 
degrec-of-frcedom model structures. The evolutionary equations for small perturbation about a trim 
condition take the form, 

- Ax = Bu + g(t) , (6) 

where x(t) = [u,w,q,0,v.p,<|>,r] , u(t) = (00, 0l s , 6lc, 9 tr) • 

A and B are the state and control matrices of stability and control derivatives respectively and g(t) 
is a general vector forcing function. 

u, v, w and p, q, r are the aircraft translational and rotational velocities about the body axes; 
and 0 are Euler roll ard pitch angles and 9 0., 9 ls> 9 lc- 9 tr are the mam rotor and tail rotor 
controls. 

While the trim and response problems are inherently nonlinear, some useful results can be derived 
using the linearised form given by (6). 

3.1 Trim 

For the trim problem, stem identification can be applied to the steady-state algebraic form of (6). 
Let A a be the matrix of unknown aerodynamic derivatives and Ajg be the matrix of inertial and 
gravitational derivatives, then the steady state form of (6) can be written as, 

lAaBJ [*] = -A ig x . (7) 


In principle, a wide enough range (ovei small amplitudes) of new trim conditions, close to the 
original, can be established to enable estimates of derivatives or, in most cases, ratios of derivatives 
to be derived from the test data. Z, imples from classical stability and control testing include the 
speed stability derivative M u , the rolling and yawing moments with sideslip (L v , N v ) and pitch 
manoeuvre margin in steady turns. 





Simulation model validation requires that the simulation trim or initial conditions match those of 
the reference flight test data and that the simulated configuration is representative of the vehicle 
that generated ihe reference data (CG position, weight, control modes, atmospheric conditions, etc.). 


Such static comparisons are usually performed by trimming the simulation to the desired flight 

condition and comparing the simulated trim variables with those obtained from the flight test data. 
This is often complicated by the difficulty in establishing trim results accurately from flight test 
data where the aircraft can be in a constant state of perturbation from gusts and sporadic control 
inputs. Identified discrepancies in trim results are difficult to relate to physical phenomena since 
there is no dynamic excitation to help isolate the source of the discrepancies. A trial and error 
approach is often required in which alternate modelling assumptions are used to determine their 

impact on the comparison. An example of such an approach is given in Fig 4. These plots show 
comparisons of trim values for the collective control position and aircraft pitch attitude as a 

function of airspeed for the UH-60 Black Hawk helicopter. Flight test data is compared with two 
types of simulation model. One is based on a blade element rotor model with rigid articulated 

blades and the other on a blade element rotor model with elastic articulated blades. The effect of the 
blade elasticity on high speed trim characteristics is evident from this figure. While the elastic 
model data presented was generated using a physically based modal representation of blade 

elasticity, a functional approach using empirical modifications to the effective collective feathering 

as a function of airspeed has also been demonstrated to provide a good fit to the test data. In both 

cases, however, the starting assumption was that the trim problem was related to blade elasticity so 

a certain amount of engineering intuition was required. 

3.2 Stability 

The stability problem centres around deriving good estimates of the A matrix elements or a set of 
equivalent parameters. This application area has received by far the most attention and many of the 
ground rules and pitfalls are fairly well understood. Two aspects can dominate the likelihood of 
success: 

(a) Test inputs and aircraft motion excursions should be as small as possible for the 
linearity assumptions .o hold good and yet large enough that the noise content is small relative to 
the response signal. The requirements conflict and, in practice, both will be compromised. 

(b) Test inputs need to excite the aircraft modes, the stability of which arc under 
investigation. This requires a priori knowledge of the modal distribution and usually some 
iteration to optimise the .nput shape. Doublets, multi-steps (eg 3211) and frequency sweeps are all 
in common use. 

Test input design is therefore a most critical issue in deriving robust parameter estimates and 
hence stability information. Frequency domain identification has gained favour in recent years 
because of the case with which different model structures can be explored over different frequency 
ranges. Data derived from frequency sweep inputs are particularly suitable to transfer function 
modelling, whereby the modal character, and hence model structure, is matched by polynomial 
fitting, providing direct estimates of both system open-loop poles (eigenvalues) and closed-loop 
zeros. 

3.3 Response 

In order to decouple the problems of static trim and dynamic response validation, dynamic results 
are often compared as perturbations about a trim condition. This is a risky approach since the 
nonlinearities in the simulation can cause significant coupling of the trimmed flight condition into 
the dynamic response. Trim problems are relatively easy to correct on a functional basis ice 
control variables can be biased to achieve the required trim. The biases are often justified by citing 
uncertainty in the control rigging or in the available test data for control positions. This is also a 
risky practice since it treats the symptoms rather than the illness and can further impact the 
validation of the dynamic response. Ideally, static and dynamic comparisons should complement 
each other in isolating the physical cause of simulation discrepancies. 
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To some extent, the response problem receives partial treatment when identifying the stability 
characteristics. The model matching and identification is achieved on time or frequency response 
histories and such comparisons are often put forward as evidence that the model validation has been 
successful or otherwise. In reality this test or demonstration, while potentially being convincing on 
one level, is never enough to ensure true validation and in many cases can be very misleading. 
Derivatives estimated from an identification that produces an excellent response fit can often bear 
little resemblance to the values of their theoretical counterparts, leaving the engineer perplexed as 
to what needs more validation, the theory or the system identification method. With good quality 
test data and careful application of a comprehensive identification analysis however, robust values 
of derivatives can be estimated that can be used to glean insight into the force and moment character 
at small amplitude and hence support the validation of the full nonlinear model. 

A recommendation made in an earlier section was the use of the ADS-33C flying qualities criteria as 
a format for demonstrating simulation validation. This is particularly appropriate when the 
simulation is being applied to establishing compliance with the requirements. A complete and 
substantiated flying qualities criteria should contain a specification for every effect that can 
impact the pilot's impression of the aircraft's ability to perform a flying task. An equivalence 
between simulation and flight in this sense, should then imply validation of response 
characteristics as far as pilot subjective opinion is concerned. No existing criteria fully complies 
with the CACTUS rules (complete, appropriate, correct, testable, unambiguous, substantiated; 
however (Padficld, 1988), and as ADS-33C currently stands, compliance will not guarantee 
validation. 

The principal role of system identification in supporting this comparison is through equivalent 
system model matching. The only criterion in ADS-33C that requires the formal use of system 
identification is the height response to collective, where a least squares fit of a delayed first-order 
model to the response to a step input is made, to establish key handling parameters. This criteria is 
discussed in more detail in another paper in this Lecture Series and in the final report of AGARD 
WG-18 (Tischler, 1991). Other criteria where parameters can be alternatively derived from 
identified models include pitch, roll and yaw bandwidth, latcral/direclional oscillation 
characteristics and torque response to collective. The use of equivalent systems or reduced order 
models for deriving such criteria is particularly appealing; considerable insight can be gained, from 
parameterised models, into the effects of design parameters on an aircraft's ability to meet design 
criteria. 

The validity of a nonlinear simulation model and its theoretical foundations, in terms of its 
accuracy over a given range of steady state and dynamic conditions, can only be partially judged, as 
noted above, through comparison with small perturbation linearised approximations. The use of 
system identification in the validation of full nonlinear model structures has received limited 
attention in the ae ospace community. The research of Klein and Batterson (1983) is a notable 
exception, where the authors estimate parameters associated with higher order polynomial terms 
(spline functions) by using different amplitude ranges in the responses. A good a priori knowledge 
and understanding of the likely behaviour, and hence mathematical formulation, is essential for the 
success of this approach. Another approach to identifying nonlinear models is to work directly with 
the nonlinear model structure and the set of fundamental parameters, eg aerodynamics, structural, 
inertial and geometric. The parameters can be 'tuned' to minimise the error between measured and 
predicted responses. The approach appears attractive but the limited experience to date has 
exposed identifiability problems. The large number of 'adjustable' parameters precludes their 
simultaneous estimation and determining which parts of the simulation should be modified is a 
difficult task which relies mainly on engineering judgement. Therefore, the effectiveness of the 
parameter estimation approach depends on accurately isolating these problem areas, as parameter 
estimates will be affected by errors elsewhere in the simulation. 

An intuitive approach to performing dynamic comparison is to drive the simulation controls with 
the control time history obtained from the flight test reference data and compare the dynamic 
response with that of the reference data. This can be referred to as closed loop simulation since the 
simulated stx-degree-of-freedom airframe motion is obtained from integrating the accelerations 
produced by the applied loads that result from the prescribed control. The task of identifying the 
problem areas in the model is hampered by the fact that the method relies on comparing response 
data. This is a major drawback of functional validation. It is difficult to infer, from typical 
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measured responses, the specific shortcomings in the simulation. Parameters are often embedded in 
approximations to component forces and moments, while the aircraft response is related to these 
forces and moments through coupled, nonlinear differential equations. Other disadvantages in this 
approach are the considerable CPU times required and potential convergence problems. To correct 
problems associated with matching simulated responses, alternate techniques of inverse simulation 
have been proposed (Thomson and Bradley (1988), DuVal et al (1989)). This is the term given to the 
method whereby selected state variables are constrained to be equivalent for the test and model 
results and the simulation model partially inverted to determine the unconstrained motion. The 

constrained degrees of freedom can be considered as 'open loop' in the computer simulation. Both 
closed and open loop techniques require that the test data be properly conditioned to assure 

consistency with both redundant sensors and kinematic relationships. Kalman Filter/Smoother 

techniques can provide a systematic basis for this conditioning. 

Closed loop simulation 

A schematic representation of this methodology is shown in Fig 5. The simulation is first 
initialized to the starting test conditions and test vehicle configuration. The simulation is then 
driven with the recorded history of flight test controls and the simulation’s dynan c response is 

compared to that of the flight vehicle. This is the most commonly used comparison approach. Its 
advantages are that it is simple to implement and requires minimal sensor data. Its disadvantage is 
that the cumulative error build up due to the closed loop integration of simulation loads causes the 
simulated vehicle to diverge from the flight test trajectory and consequently limits the validity of 
the comparison. This approach is suitable for supporting functional validation but the coupling 
between dynamic subsystems cannot be isolated in this method, so it is limited in its application to 
physical validation. 

Open loop simulation 

A schematic representation of open loop simulation comparisons is shown in Fig 6. In the example 
shown, the procedure is to disable the integration of the airframe rijid body motion ir the 
simulation and drive the simulation with controls and rigid body motion data obtained from the 
flight test as if it were in a wind tunnel. The resulting simulation loads can then be compared with 
flight test data to provide a systematic approach for isolating and correcting discrepancies (DuVal 
et al, 1989). Since the simulated flight vehicle follows the actual flight test trajectory, the 
comparison can be performed without concern for a cumulative error build up. This approach 
requires more extensive data collection than is generally available from flight tests. Load cells 
and/or accelerometers must be placed at the boundaries of vehicle subsystems to facilitate isolation 
of the mathematical model and direct comparison of subsystem loads. The implementation of the 
simulation run is more difficult since the capability to suspend the integration of selected degrees 
of freedom is required and the ability to input the airframe motion as well as the controls from the 
Fight test data is also necessary. 


4 Analysing Discrepancies and Upgrading the Model 

Once the comparisons have been performed and discrepancies have been identified, it is necessary 
to analyse these discrepancies to determine their source and to postulate potential model upgrades. 
The upgrades must then be implemented and their effectiveness evaluated. This is often an iterative 
process since the adequacy of a proposed upgrade cannot be determined without implementing and 
testing it with the simulation. System Identification methodology plays a critical role in this stage 
of the validation process. There are two potential sources of error in the model; the model structure 
and the model parameter values. They are strongly related and must be jointly addressed. 

(a) incorrect parameter set - this would include those parameters directly related to, and 
measurable as, physical attributes, eg inertias, geometry, and those derived from approximation 
theory as effective pa'ameters, eg effective hinge offset/spring strength, aerodynamic force 
coefficients, 

(b) incorrect model structure - this would include both model degrees of freedom and 
nonlinear formulations. 
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As pointed out above, the two ways are connected; an effective parameter is often an approximation 
to a more complex effect, eg quasi-steady form of another degree of freedom or local linearisation of 
a nonlinear function. There will always be a limit to the range over which the approximation is 
valid and, ultimately, a breakdown in the value of an effective parameter is indicative of a model 

structure deficiency. It is important to understand which of the above is the cause in a particular 

situation. In general, deficiencies in the second category are more difficult and time consuming to 
cure, although once achieved, the upgraded model will offer more opportunity to expand the 

application range. Unless evidence is strongly to the contrary, however, deficiencies in the first 

category should be exhausted before recourse to structural upgrades. 

Two key points are worth highlighting at this stage. Firstly, the experimental test database, from 
both model and full scale, needs be carefully assembled to support the validation activity. In the 
limit it is desirable to measure every variable that plays a part in the simulation, (eg individual 
component force and moment contributions), but in reality this is rarely achieved. It must be 
recognised that a limited measurement database will limit the upgrading potential. Secondly, an 
underlying principal, that brings a systematic methodology to the validation activity, is that every 
modelling approximation or assumption employed needs to be checked, across the range of 
application, through correlation with test data. This is the essence of physical validation. 

4.. 1 Model structure determination 

The modelling assumptions used in developing a simulation may be inappropriate under certain 
conditions. While empirical parameters can always be added to the simulation to fit the test data, 
the resulting model may not exhibit correct behaviour between available test points.. The only way to 
have confidence in a simulation outside the specific test points available for validation is to use 
physically based models that are tuned with physically meaningful parameters. The first indication 
that a model is not structurally correct often comes when parameter identification is attempted and 
the resulting parameter values are found to be physically meaningless. At this point a more 
systematic approach to evaluating the model must be taken. The starting point is usually to examine 
the discrepancies in the acceptance criteria and attempt to relate these discrepancies to specific 
vehicle states and physical phenomena. Statistical correlation of the comparison errors with 
measured states and controls may provide an initial insight into the nature of the problem. For 
example, correlation of the error with rotor speed or lead-lag angle may indicate that a more sophis¬ 
ticated representation of the coupled engine/drive train/rotor model is required. Regression is an 
essential tool in such an investigation. Stepwise or subset regressions can be particularly useful by 
finding the state or control most correlated with the comparison error, fitting it to the error through 
regression, and then repeating the procedure with the residual error and the remaining states and 
controls. Another valuable tool for model structure determination is the frequency response. By 
examining the magnitude and phase of comparison errors versus frequency, the bandwidth in which 
these errors predominate can be determined and this can then be related to the known bandwidth of 
relevant physical phenomena to determine the missing pieces. An example is to examine the error 
in simulated and measured flapping response to cyclic input. Excessive error levels in the 
frequency range associated with, say, dynamic inflow would suggest that this effect is not properly 
modelled or that its coupling with the flapping is incorrect. This example will be returned later in 
section 5.2. 

A modification to the structure of a model subset may take one of two forms; an increase in the 
number of states utilized in the subset model or the addition of nonlinearities to the model. It is 
often d’fficult to distinguish between these two causes. Regression is an important tool for perform¬ 
ing such an analysis. Correlation of the modelling error with derivatives of the model states can 
indicate that a higher order dynamic model is required. Strong correlation with the states of other 
subsystems indicate the need to model cross coupling. If regression is unable to fit the error with 
some linear combination of system states, then nonlinear functions of the states may be required. 
These functions can also be tested with regression, so long as the regression is linear in the 
coefficients to be identified. 



4.2 Parameter identification 


The process of model structure determination and parameter identification is usually an iterative 
one, since unreasonable parameters will result from an incorrect model structure and may therefore 
lead to a reformulation of the model structure. Regression is an effective tool in the initial stages 
since it supports both model structure determination and parameter identification, but once the 
structure is reasonably well determined, a more robust identification is required for the 
parameters. Equation Error methods, such as regression, may be biased in the presence of 
measurement noise. Output Error methods are generally more suitable for experimental data where 
measurement noise is a concern. Output Error identification also provides more effective 
identification of the stability matrix than regression since it takes into account the time correlation 
of a dynamic system while regression essentially looks at a snapshot of the correlation at each point 
in time independently of other time points. Maximum Likelihood Identification is the most general 
form in that it is unbiased in the presence of both process and measurement noise; however, 
stability and convergence problems, particularly for nonlinear systems, tend to make it less 
practicable than the Output Error approach. It is interesting to note that both Equation Error and 
Output Error methods are special cases of Maximum Likelihood. Equation Error results from a low 
measurement noise assumption in Maximum Likelihood and Output Error results from a low process 
noise assumption. 

In the functional validation example which follows this section, six-degree-of-freedom stability and 
control derivatives are referred to extensively. Two points are worth making at this stage: 

(i) Derivatives estimated by a system identification method are effective parameters; for 
very small amplitude they are equivalent to the first order terms in a Taylor expansion of the 
applied forces and moments about the trim condition. Aircraft motion excursions in typical test 
data are generally of more moderate amplitude, however, and any nonlinearitics will be embodied in 
the resultant derivative. It is important therefore, when comparing derivatives from flight and 
theory, to check for variations with motion amplitude from both sources. 

(ii) Derivatives, predicted from a theoretical model, are themselves functions of a large 
number of, more fundamental, configuration and model parameters, eg rotor radius, lift curve slope, 
moments of inertia etc. Fig 7 illustrates how, for the RAE simulation model Helistab , two of the 
pitching moment derivatives vary with three model parameters - the effective rotor flap stiffness, 
rotor flap inertia and centre of gravity location. There can be many more fundamental parameters 
than derivatives, depending on the model complexity. Model deficiencies in the first category above, 
ie incorrect parameters, can sometimes be identified through an exploration of the required 
fundamental parameter distortions required to match derivatives. This parameter distortion or 
'fudge factor' technique is often used in simulation validation to accommodate pilot subjective 
opinion. The technique is prone to considerable misuse, with a genuine source of modelling error 
being compensated for by distortions in an unrelated parameter. Careful applications can bear 
fruit, however, particularly with respect to corrections in effective parameters. Optimising the 
distortions to match derivatives is inherently nonlinear and multi-objective; system identification 
is the natural tool for such problems. 

All airframe manufacturers and research laboratories have experience of simulation model 
validation based on comparison with test, with the attendant development and upgrading activities. 
Houston (1989) and Ballin el al (1990) present typical results from contemporary studies conducted 
at UK and US Government research laboratories. Houston's work focusses on vertical axis dynamics 
of an SA-330 at hover, illustrating how coning and air mass dynamics are required model elements 
in the prediction of body motion up to about 20 rad/s. Errors in this model structure are computed 
as distortions in the model parameters providing some insight into the validity of assumptions 
associated with local momentum theory and the use of rigid blades. Measurements of blade flapping 
motion were essential in providing confidence in these transfer function results. Ballin sets out to 
upgrade the US Army's Genhel UH-60 simulation model based on open-loop frequency and time 
domain flight test results. Ballin's work is an excellent example of investigative upgrading, based 
on non-parametric frequency response models. The Genhel software incorporates a blade-element 
rotor model with flap, lag and air mass dynamics and runs in real-time with a 6.67 ms frame on an 
AD-100 computer. The comparative technique proved effective in evaluating various modelling 
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improvements, eg new dynamic inflow model, lag damper characteristics, and establishing a model 
which is fully adequate for real-time handling qualities' up to 10 rad/s. 


5 Examples 

5.1 Functional validation (six-degree-of-freedom) 

5.1.1 General 

The framework for simulation model validation and the application areas of system 
identification have been set out in earlier sections. Establishing criteria for model range and 
accuracy and highlighting the required model developments were the two specific areas addressed. 
The AGARD WG-18 test databases are insufficient to cover the full range of issues included in the 
trim, stability and response problems. All three aircraft databases are, however, typical of those 
used to support simulation model validation and a number of useful examples can be derived from 
them, one of which will be detailed here. The primary simulation model used in this case study is 
the RAE Helistab model (Padfield, 1981,1988). This model is intrinsically nonlinear and can be 
trimmed in a general condition of sideslipping, turning, descending flight. Coning and first 

harmonic flap and rotorspeed/engine governor degrees of freedom complement the fuselage states. 
Current developments include three degree-of-freedom rotor lag and inflow dynamics. Rotor 
aerodynamics are derived from linear blade element/momentum theory and the rigid blade/centre 
hinge-spring analogue is used to model both hingeless and small-offset articulated rotors. Fuselage 
and tail surface aerodynamics are nonlinear functions of incidence, sideslip and rotor downwash. 
The quasi-steady, six degree-of-freedom version is used for the comparisons discussed here. Fi„ 8 
shows a comparison of test and theory for the three translational and three rotational velocities for 
two Puma test runs - pedal and lateral cyclic inputs. Fundamental questions that can be asked of 
the system identification approach are: 

(a) Can a comparison of flight-estimated and theoretically-predicted aerodynamic 

derivatives shed light on the model strengths and weaknesses? 

(b) Can the stability characteristics of the the aircraft dynamic modes be correctly 

estimated? 

These two questions and their answers are closely related. Often, approximations for mode 
frequency and damping can be derived from simplifying assumptions and expressed in terms of a 
limited number of parameters. Comparisons of the equivalent modal parameters from flight and 
theory and their constituent parts can be effective at highlighting areas of overall simulation model 
deficiency. Later in this section this approach will be explored for the Dutch roll motion, but 

before this, a number of relevant observations can be made from an examination of the comparisons 
in Fig 8. 

(a) Pedal response (Fig 8a) 

(i) speed changes are greater in flight (5 m/s); 

(ii) initial yaw, roll and sideslip responses are distinctly greater in the 
simulation; 

(iii) the Dutch roll mode appears more damped and of lower frequency in the 
simulation. 

(iv) the pitch and heave responses appear considerably smaller in the simulation. 

(b) Lateral cyclic response (Fig 8b) 

(i) roll response appears sharper and less damped in the simulation; 

(ii) the Dutch roll response in .oil and yaw is greater in flight; 
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(iii) the pitch and heave responses are smaller in the simulation; 

(iv) speed changes are small during the manoeuvre (5 m/s) 

Some of these obseivations will be reviewed in the light of the system identification analysis later 
in this section. 

The complete set of Helistab stability and control derivatives and corresponding eigenvalues are 
contained in Table 1 for the 80 kn flight condition. Data are also included on aircraft 
configuration and the magnitude of the perturbations used to generate the derivatives numerically. 

5.1.2 Lateral - directional Dutch roll motion 

The dominant motion throughout the responses shown in Fig 8a&b is the weakly damped Dutch roll 
mode. The lateral-directional dynamics of the Puma at the 80 kn flight condition appear to be 
classical with a roll subsidence and spiral motion completing the modal set. It it of interest to 
explore whether the mismatch in the Dutch roll response between flight and simulation illustrated 
can be explained through the estimated derivatives. Table 2 compares the primary 

lateral/directional derivatives from flight and simulation, the former taken from the DLR and 
University of Glasgow analyses using time and frequency domain system identification techniques 
respectively. Numbers in parenthesis are the standard deviations of the parameter estimates; as a 
rough rule of thumb, values below 10-15% of the parameter itself are considered to imply a high 
confidence level. The Dutch roll eigenvalues are also included in the Table and show that the 

fourth-order lateral sub-system provides a reasonably good approximation in all three cases. This 

is a significant result in itself, indicating that although the pitch and heave motions are 

appreciable, they do not have a first order effect on frequency and damping at this flight condition. 
Lower order approximations to the Dutch roll mode can be derived for a range of different cases, the 
simplest being when the motion is pure yaw. This is clearly inappropriate in the present case with 
the roll/yaw ratio approximately unity (see Fig 8a). A mote general and useful approximation can 
be derived by isolating the spiral dynamics with the sideways-velocity degree of freedom, 

v Q = v + Vj) . (8) 


The lateral equations can then be written in the alternate form (Padfield and DuVal, 1982) 



The partitioning shown divides the dynamics into the three modes of increasing modulus - spiral, 
Dutch roll and roll subsidence. If the conditions for 'weak coupling' between the partitioned 
degrees of freedom are met (Milne, 1965), then the approximation to the Dutch roll eigenvalue can be 
written. 
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This approximation shows how the Dutch roll damping is affected by the derivatives L v> , Np and L r , 
m addition to the yaw damping N r . Likewise, the frequency is modified by L v in addition to the 

(3) 

primary stiffness N v . The approximate eigenvalues for all three cases are shown in Table 2 (A. ) 

along with the coefficients of equation (9). In general there is excellent agreement with the Dutch 
roll eigenvalues for each case. The Helistab damping prediction is double the flight estimate, 
confirming the observation made in section 5.5.1, and the frequency is 20% lower in the simulation. 
Comparing the make-up of the Dutch roll characteristics from (9), the following points can be made: 

(a) Helistab over-estimates the basic yaw damping (estimated from flight) by 60%. 

(b) Helistab underestimates the principal roll derivatives by 20%. 

(c) Flight estimate of Np is more than double the Helistab value. 

(d) Flight estimate of N v is 20% higher than the Helistab value. 

(e) L r from flight is negative, from theory positive; the flight values are estimated with low 
confidence. 

(f) Yaw control derivative Ntr from flight is nearly half the Helistab value. 

On the basis of these observations, assuming that the flight derivt 1, ;s estimated with high 
confidence are 'correct', a set of corresponding hypotheses can be mad» concerning the simulation 
model validation. 

(a) The yaw damping and control sensitivity ere dominated by the tail rotor; the simple 
tail rotor model (with fin blockage) adopted in Helistab needs refinement. 

(b) The uniform increase in primary roll derivatives (Lv, Lp, Lie) suggests an incorrect 
roll moment of inertia or rotor Lock number, the latter possibly reflecting the effects of unmodelled 
dynamic inflow. 

(c) The derivative Np has a strong destab'lising effect on the Dutch roll mode, accounting 
for about 65% of the damping decrement (ie the additional term). The larger flight value could be 
explained by an incorrect product of inertia I xz in the simulation. More subtle aerodynamic effects 
are difficult to accommodate within the simple rotor model structure in Helistab. 
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(d) The directional stability is clearly underpredicted by Helistab', this is unlikely to be a 
tail rotor effect in view of (a) above. In fact, the evidence suggests that N v due to the tail rotor 
should actually be less than predicted. The fuselage and empennage contributions to N v in 
Helistab are derived fom wind tunnel data and an obvious conclusion is that these do not relate 
directly to the flight situation. 

(e) The positive L* from Helistab comes entirely from the tail rotor, is stabilising, but is 
not significant in the Dutch roll damping. The negative and higher DLR flight estimate is not 
insignificant, but is perplexing as no well understood mechanism gives rise to such an effect. The 
relatively high value of the standard deviation for this derivative suggests a low confidence factor. 

(f) In addition to the above effects, the absence of a rotor wake/tail rotor/empennage 
interaction model in the simulation must have a significant impact on the results, particularly the 
yawing derivatives. 

Such hypotheses form the starting point for a second phase of the validation exercise; some appear 
plausible and consistent but others are more dubious. The sensitivity of key derivatives and the 
Dutch roll eigenvalue to some of the physical parameters discussed above is summarised in Table 3. 
The DLR flight estimates and baseline Helistab results are compared with five cases as follows. 

(a) Twenty per cent change in the roll inertia I xx increases the roll derivatives, decreas¬ 
ing the mod? 1 damping and increasing the frequency slightly. 

(b) Increasing the peiiurbation size on the sideslip velocity v to 5 m/s from the default 
value of 1.5 m/s, increases the weathercock stability to within 3% of the flight estimate. The 
strongly nonlinear fuselage and empennage aerodynamic forces and moments with sideslip account 
for this effect. The value of 5 m/s could be argued to give a more appropriate equivalent 
linearisation, consistent with the magnitude of the sideslip excursions in the response to pedal 
input. However, this effect serves to increase the damping to double the flight estimate. 

( C ) A 50% increase in the psoduct of inertia I X z leads to a corresponding 50% increase in 
Np , but only a marginal decrease in stability. 

(d) Reducing the efficiency of the tail rotor by a 40% reduction in the blade lift-curve 
slope reduces the magnitude of the yaw derivatives by a similar amount. While the damping and 
control sensitivity approach the flight estimates, the weathercock stability also decreases, 
departing even further from the flight .-st'mate. The modal characteristics are now considerably 
different from the flight values. 

(e) Reducing the linear coefficient in the fuselage yawing moment function with sideslip 
(parameter FN1) increases the directional stability without affecting the yaw damping. Both modal 
frequency and damping increase. 

(f) The results obtained from combining the above five effects are shown in the final 
column in Table 3 and compared with the baseline Helistab results in Fig 9. The results are 
shown as a ratio with the DLR flight estimates. While most of the derivatives are within 15% of the 
flight estimates, the yaw control sensitivity and mode damping, although considerably improved 
relative to the baseline values, are still high relative to the flight values. 

Tuning of model parameters to improve functional fidelity is acceptable within constraints 
consistent with the uncertainties in the parameters. Some of the distortions used above are large 
and somewhat arbitrary; they will need to be compared with values obtained from dissimilar 
manoeuvres for verification or otherwise. As demonstrated above, obtaining improvements across a 
range of derivative predictions and response characteristics will generally require distortions in 
several parameters simultaneously. All will need checking against other conditions, e g 
damping/control sensitivity from step inputs, dihedral and weathercock stability from sideslip 
tests, before a high confidence is achieved. In any case, more detailed component measurements (eg 
main/tail rotor thrust/moment) and model structural changes may be required before a simulation 
deficiency is fully understood and rectified. It should be remembered that derivatives encapsulate 
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any nonlinear effects when derived from experimental data and tests at varying amplitudes will be 
required to establish the presence and importance .f such effects. Nevertheless, as a starting point, 
the flight estimates ha«e enabled considerably more validation evidence to be gathered 
systematically, compared with any speculation derived from the observations in section 5.1.2. 
There remains the question, of course, as to the validity of the flight estimated derivatives. The 
time history comparisons of the DLR lateral sub-system and flight data are presented in Fig 10; the 
fit is not as good as the fully coupled six degree-of-freedom response shown in Fig 11, (taken from 
Padfield (1991)). The coupling effects clearly contribute to the response, even though the damping 
and frequency are not affected significantly; the simplified approximation cannot shed any new 
light on the nature of the lateral to longitudinal coupling in the Dutch roll. 

The Glasgow derivatives, shown in Table 2, show reasonable consistency with the DLR results with 
two notable exceptions - L r and L; c . The large, positive value of L r accounts for the greater 
stability of the Dutch roll mode according to the Glasgow estimates ( tj^ ~ 4 s , compared with 8 s 

for DLR). The lower roll control sensitivity and damping from the Glasgow analysis correlate with 
the lower estimate fer effective time delay shown in Table 2 (Black, 1987), highlighting the fact that 
these are strictly equivalent parameters; the effects of higher order dynamics have been ignored as 
such but encompassed within the effective time delay. The 'true' value of some of the stability and 
control derivatives cannot therefore be estimated. The Dutch roll approximations do show, however, 
that useful insight into modelling accuracy can be gained from an analysis of the derivative 
contributions to the component terms.. 

Table 4 shows a comparison of Dutch roll eigenvalues for the BO-105 (DLR Model 3 (Kaletka, 1991)) 
and AH-64 Apache derived from the DLR flight estimated derivatives, with the corresponding 
approximations derived from (9) alongside the SA-330 Puma results. The comparisons are very 
good, apart from the BO-105 frequency estimate, adding support to the value of the approximation 
across different aircraft types. As a concluding note to this section. Fig 12 illustrates the current 
Dutch roll handling qualities criteria from ADS-33C. The criteria are expressed in terms of 
handling qualities level boundaries for damping and frequency for different mission task elements 
(MTE). The data points correspond to flight estimates and theoretical predictions for all three 
aircraft; the Puma theoretical result is derived from the Helistab case discussed, the BO-105 point 
from the DLR blade-element model Simh and the AH-64 result from the MDHC Flyrt nonlinear rotor- 
map model. It is interesting to note that for all three aircraft, theory predicts about twice the 
damping measured in flight. This suggests that the fidelity of the main rotor modelling has little 
impact on this parameter; main rotor wake/tail-rotor interaction is a more likely common modelling 
deficiency. Moreover, on the criteria diagram the data points lie on either side of the Level 1/2 or 
Level 2/3 boundaries, depending on the aircraft role (ie MTE). Considering the aircraft types under 
consideration, the Level 2/3 boundary is probably more appropriate. A conclusion that can be 
drawn is that none of the simulation models (which are state-of-the-art for disc, blade element and 
rotor-map models respectively) are capable of predicting Dutch roll damping adequately for 
compliance demonstration. This is considered to be a reflection on simulation modelling in general 
and the detailed analysis of the Puma dal.’ has provided some insight into how, for this aircraft, 
Helistab is deficient. 

5.2 Physical validation (Puma inflow) 

5.2.1 Overview and abjective 

The process of physical validation requ i- es close coupling between modelling and testing. 
First a suitable subset of the dynamic and aero ynamie physical phenomena must be isols'ed and a 
mathematical model of this subset must be derived from first principles. The subset must be chosen 
to facilitate identification of parameters for the selected subset. Just as in functional validation, 
too many parameters can result in identified values that are physically meaningless due to over 
parameterisation and, depending on the degrees of freedom included in the i.ubset, the parameters of 
the model may not be observable from available test dam. The interaction of the selected subset 
with other modelling subsets must be determined to establish the input and output data 
requirements of the subset. The dynamic relationship between this input and output data must then 
be derived based on the physics of the modelled subset. Test data requirements are then 
established to support validation of the specified model subset. At a minimum, these requirements 
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should include the interface data for the subset in order to isolate it from the rest of the system 
model. Recording of certain internal degrees of freedom of the model subset may also be required to 
ensure observability of the parameters to be identified. 

The example presented below is taken from DuVal (1989b), where the objective is to validate a 
physically based model of coupled rotor flapping/first harmonic inflow dynamics derived for a 
forward flight manoeuvre using the RAE Puma test data. 

5.2.2 Approach 

The following steps were carried out to accomplish the objectives of this study. 

(i) Establish structure of baseline math model. After reviewing the literature, a baseline 
model was chosen to reflect generally accepted technology. The rotor dynamics model was based on 
the work of Chen (1980) with modifications made to account for the French rotation of the Puma 
Helicopter and the inclusion of first harmonic inflow components. The inflow dynamics model was 
based on the work of Goanker and Peters (1984), together with a Glauert model of the quasistatic, 
velocity dependent first harmonic inflow. The notation used conforms to Chen to facilitate 
comparison. 

(ii) Perform consistency tests on flight test data. Since the test data was to be used to 
validate the math model, it was essential that the data be consistent. A series of comparisons of 
redundant sensors and sensors that can be compared through known kinematic relationships was 
used to eliminate sensor biases and isolate faulty measurements. 

(iii) Establish consistency of model structure with flight test data. Having established the 
consistency of the flight test data, the validity of the baseline model structure was tested by 
examining the equation error resulting from applying the test data to the baseline model for a 
nominal set of model parameter values. The baseline model structure was then extended as required 
to assure consistency. 

(iv) Identify parameters of model from flight test data. An output error parameter 
identification method was used to identify selected parameters of the validated model structure. 
The technique was first tested using simulated data generated from the baseline model. It was then 
applied to the lateral manoeuvre at 100 knots and a set of ten parameters were identified. These 
parameters were then used with the model to predict the response for the longitudinal manoeuvre 
and the results were compared with flight test data to verify the parameters. 

5.2.3 Cyclic flappinglfirst harmonic inflow model 

It was decided to use an isolated model of coupled rotor/inflow dynamics rather than a fully 

coupled rotor/fuselage dynamics model. This approach of dealing with isolated subsets of the total 

system allows for a systematic validation of each subsystem independently and reduces the 
complexity of each model to a manageable level. In order to isolate the mathematical model of a 
subsystem, the variables involved in cross coupling with other subsystems are treated as measured 
inputs or pseudo-controls acting on the isolated subsystem. 

The cyclic flapping mode! is a two degree of freedom model with second order dynamics modified to 
include first harmonic inflow components. The dynamics of the longitudinal and lateral disc 

flapping states (ai s and bj s ) are driven by the longitudinal and lateral cyclic pitch controls (Bi 

and Aj), first harmonic dynamic inflow (pj and qj) and a quasistatic first harmonic inflow based on 

advance ratios (p x and py). The cyclic inflow dynamics are also driven by the roll and pitch rates 

(p and q) and nonlinear functions (u a and ujj) of coning angle and coning angle rate (ao and ao), 

uniform inflow (X c ), collective pitch (0 q), and advance ratio (p). The baseline model has the form: 
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where 
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The uncertain parameters are the Lock Number (7), and the Tip Loss Factor, (B), 
where 


B 43 B32 =y-^-e, B 21 =^--B£ 


and e is defined as the nondimensional hinge offset. 

The inflow is represented as a two-degree-of-freedom model with first order dynamics and is given 
by: 


Pi" 

+ F) 

Pi 


*P" 


'0 f 

2] [A, 

-bi,‘ 


au ^ 



= G 4 


— 

Q ( 

>JLb, 


+ 

A*. 



,.q. 


+ au_ 


pu m j 


( 17 ) 



12-19 


where 
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(18) 

* 


The uncertain parameters are the inflow time constant t , and the gain on the forcing function (k ). 

The equations are linearised about the trimmed condition to simplify further the relationship. This 
results in the elimination of the nonlinear forcing functions (u a and ub) since there is little 
variation in these variables. Equations (14) through (18) otherwise remain the same except that the 
states are now interpreted as perturbations from the trim condition. 

5.2.4 Validation and modification of model 

Validation of the test data is described in DuVal et al (1989b) and will not be covered here; 
the validity of the baseline model structure is next evaluated. It is essential to validate the model 
structure prior to identifying parameters. As discussed above and throughout this paper, if the 
model structure is incorrect, parameters may still be identified that track the data accurately, but 
they can be physically meaningless. The inflow equation is first integrated, using nominal 

parameter values and the measured time histories of forcing functions. The resulting inflow time 
history is then used in the flapping equation with nominal parameters and measured values of the 
other states and controls and the correlation between the homogeneous equation and each forcing 
function is evaluated. The homogeneous equation was found to be most correlated with controls and 
body rates as expected, so the coefficients of the controls and body rates that minimize the error 
between the homogeneous equation and the corresponding forcing functions were identified by 
regression. The resulting forcing functions are compared with the homogeneous equations in 
Fig 13. The poor comparison indicates that the model structure is incomplete. The remaining error 
appeared to be correlated with both the velocity time histories and a bias in the flapping azimuth 
reference. A mathematical representation of the error in cyclic flapping and feathering due to 

biases in the blade azimuth references is given in Fig 14. In order to be completely general, 

separate biases were assumed for the blade azimuths associated with both flapping and feathering 
measurements. The velocity dependence is most likely related to the quasistatic (Glauert) 
component of first harmonic inflow so a matrix of coefficients relating these velocities to the 

homogeneous equation was also added to the model structure. Regression was then used to determine 
preliminary values for the velocity coefficients and the azimuth biases. The resulting forcing 
functions are compared with the homogeneous equations in Fig 15. This fit has improved 

significantly over that of Fig 13 and this indicates that the model structure is reasonably close 
since the resulting parameters identified by the regression are close to the nominal values and are 
therefore physically meaningful. 

Having determined the modifications to the model structure required to assure consistency with the 
test data for physically reasonable values of the model parameters, the final step in the system 
identification process is to identify values for selected parameters. Ten parameters were selected 
based on the results of the model structure determination process and an understanding of which 
parameters had well defined values and which were uncertain. The parameters to be identified were 
the Lock number y, the tip loss factor (B), the inflow time constant r, the inflow gain (k) (related 
to the deficiency function), biases on the zero azimuth reference for both the flapping and 
feathering measurements (yi and y2)> and a matrix of four coefficients relating longitudinal and 
lateral velocity perturbations to the two first harmonic inflow components (k \, *2. *3. *4)- The 

estimates of the system states (&lsi^ls>0i>§i) for specified values of the parameter set (So) are then 
given by the following equations: 


%4 
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where 

0 9 =[y . 

As shown in Fig 14, the cyclic flapping measurements (ai s , bi s ) are related to the actual flapping 
states tnrough the coordinate transformation. 


'ai*,' _ ' cosyr, siny^i' 'at,' _ ^ 'ai, 

bi,„J —siny^i cosy^ bi,J _bt. 


( 20 ) 


where represents the bias on the zero azimuth reference point associated with the flapping 

measurement. 


5.2.5 Results oj Modification 

As discussed in 4.2, there are three basic methods for parameter identification; the Equation Error 
method, the Output Error method and the Maximum Likelihood method. 

The simplest is the Equation Error method. This approach finds the parameters, So , of the system 
that minimize some error function, g, based on the model, given the measurements, z , and inputs, 
u c : 

g(z,<?o. u c) = 0 • (21) 


It is simple to implement if the equations are linear in the parameters, and can also be used for the 
model structure determination. The Equation Error method requires measurements of all states and 
controls, and gives biased parameter estimates in the presence of significant measurement noise. 

The Output Error method generates system states, x , by integration of the system dynamic 
equations for a given set of parameter values, So. and a given input history, uc 

x = f(x, Uc.So) (22) 

In this approach, the parameters are iteratively adjusted by a second order gradient technique to 
minimize an error function, g , in the outputs, z , the system states, x , the cor.trcis, u c , and the 
parameters, So : 

g(x, u c , z, So) = 0 . (23) 

This method would give biased estimates if the model structure has significant error. It does not 
require that all states be measured, however, since it produces state histories from the dynamic 
model. 
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The third method for parameter identification is Maximum Likelihood. In this case the state and 
output equations are combined in an Extended Kalman Filter. The states estimates are then obtained 
from the equation 


x = f(X, uc.fy,) + K(g(X, uc, z, 0 P )] . 


(24) 


and the parameters are again iteratively adjusted by a second order gradient method to minimize the 
error function, g(jf, uc, z, §0)- Maximum Likelihood also does not require all states to be measured. 
It is the most general identification method since it gives unbiased estimates in the presence of both 
process and measurement noise. However, the Kalman gains reduce the sensitivity of measurement 
errors to parameter changes and result in slower convergence. 

While the Equation Error method is the simplest, it could not be used in this application because 
there were two unmeasured states (the first harmonic inflow components). Of the remaining 
candidates, the Output Error method is the simplest, but its application requires that there is no 
significant process noise. The model structure validation work had demonstrated that the data could 
be reasonably well matched with the selected model, indicating a low level of process noise, so the 
Output Error method was selected. 

The Output Error method was applied to identify the parameters of the model given by equation (19) 
using flight test data from the longitudinal doublet manoeuvre at 100 knots. The initial values of 
the parameters and the converged values obtained from the identification are shown in Table 5 along 
with the uncertainty in the estimate, as determined by the Output Error method. The Tip Loss 
Factor (B) and the Lock Number (y) are relatively close to the initially assumed values and have an 
uncertainty of less than one percent. The identified inflow time constant is, however, nearly twice 
the initially assumed value of 0.5 seconds and the gain on the inflow forcing function is more than 
five times lower than the initially assumed value. 

The azimuth biases for the feathering and flapping measurements are seen to be nearly equal at 
around 20°. It was later determined that a 10° bias would be present due to collective lead-lag and 
an additional 10° could result from time skew in the data collection, so the identified values appear 
reasonable. 

The coeffic''' ts relating longitudinal and lateral velocity perturbations to first harmonic inflow 
components are difficult to interpret physically so the validity of their identified values is 
difficult to assess. These terms, however, have the most significant effect on being able to match the 
measured flapping data with the model. Physically, the first harmonic inflow dependence on 
velocity should be related to the classical Glauert first harmonic inflow distribution and to fuselage 
interference effects on the flow field. 

A comparison of the estimated cyclic flapping response and the measured response, corrected for 
the identified azimuth bias, is shown in Fig 16. The comparisons are seen to be reasonably good. 
The corresponding first harmonic inflow components are shown in Fig 17. They have been separated 
into dynamic inflow components, as generated by the dynamic inflow model, and the velocity 
dependent or Glauert components, as generated by the application of the identified velocity 
coefficients to the measured velocity perturbation. The results are normalized by the tip speed. 
The Glauert component due to velocity perturbations in the manoeuvre appears to be as significant 
as the dynamic inflow component generated from momentum theory. 

As a final check on the validity of the identified model structure and parameter values, they are 
applied to measured input data from the lateral doublet manoeuvre and the resulting flapping 
estimates arc compared with the measured data. The results, as shown in Fig. 18, indicate the same 
level of accuracy as obtained in the longitudinal manoeuvre. The flapping has been scaled the same 
in both the longitudinal and lateral manoeuvre plots to allow direct comparison of error levels. The 
longitudinal manoeuvre was selected for use in the identification since there was significantly more 
excitation in both axes. 
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5 Conclusions 

This paper has provided a treatment of rotorcraft simulation model validation from functional and ; 

physical standpoints. Acceptance criteria for validation have been discussed and presented and the 

role of system identification in achieving these covered. Examples from the RAE Puma test database 1 

have been presented that illustrate six-degree-of-freedom functional fidelity and a more detai ,- d 

physical validation of blade flapping dynamics. ' 

A number of conclusions can be drawn from the discussions presented: 

(1) Validation as an activity can be considered in two stages; firstly, establishing the range and 

accuracy of the simulation model and, secondly, establishing the modelling deficiencies and 

required upgrades. This paper has proposed a framework for the application of system 

identification in these two stages. 

(2) Accuracy and range can be defined in terms of three flight mechanics problem areas - trim, 
stability and response. Range can conveniently be defined in terms of the frequency and amplitude 
of the intended operation. Accuracy requirements depend critically on the intended application. 

(3) System identification can play a role in all three problem areas. 

(4) Functional fidelity provides a measure of the overall accuracy of the aircraft’s response to 
controls and disturbances; physical validation is concerned more with the accuracy of the 
underlying modelling assumptions. 

(5) The use of system identification in model upgrading has to be complemented with a good 
understanding of the underlying physical assumptions and mathematical approximations. 

(6) The example chosen to highlight the value of system identification in functional validation has 

been the Dutch roll motion of the SA 330 Puma. A simple approximation for Dutch roll damping and 

frequency has highlighted the possible origins of modelling deficiencies. Current simulation 
models are poor at predicting cross coupling effects. Of perhaps greater significance is the over- 
estimation of Dutch roll damping by current simulation models leading to a more favourable 
compliance with ADS-33C, i e Level 2 rather than Level 3 handling qualities. 

(7) Physical validation has been illustrated with an example of coupled blade flapping/inflow 
dynamics. A suitable model structure incorporating first harmonic and velocity dependent, 
quasistatic inflow was established using equation error techniques; model parameters were then 
estimated using an output error method. 
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| Stability Derivatives 1 


u 

w 

q 
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X 

-0.02413 

0.0022 

0.7411 

0.0073 

0.3303 

0.00 

z 

-0.0482 

-0.7302 

41.077 

0.0255 

0.5669 

0.00 

M 

0.0074 

-0.0199 

-0.7661 

-0.0049 

-0.2211 

0.00 

Y 

-0.0044 

-0.0203 

0.3207 

-0.1248 

-0.751 

-40.897 

L 

-0.0058 

-0.0525 

0.7583 

-0.0549 

-1.6771 

0.142 
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0.0098 

0.0326 

-0.1643 

0.0216 

-0.1741 
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1 Control Derivatives j 
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X 

-2.0546 

-9.546 

0.4862 

0.00 

z 

-96.795 

-27.7184 

0.00 

0.00 

M 

1.5626 

6.4123 

-0.3238 

0.00 
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-2.4806 

-0.2069 

9.6746 

4.1414 
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-6.4913 


22.8395 

2.059 

N 

-5.9196 

1.4955 

2.5202 

-8.22 


mode 

eigenvalue 

perturbation amp 
for derivative 
computation. 

roll subsidence 

-1 .6833 

u, v, w - 1.5 m/s j 

pitch short period 

-0.8710 ± 0.9332i 

p, q, r - 0.05 rad 

Dutch roll 

-0.1630 ± 1.0171 i 

6, 8 - 0.05 rad 

phugoid 

-0.0104 ± 0.2214i 

controls - 0.005 rad 

spiral 

-0.1199 



SA 330 Puma Flight and Config uration Data 
V = 80kn, p = 1.0978 kg/m 3 , mass = 5805kg, I xx = 9G38kgm 2 
lyy = 33240kgm 2 , I zz = 25889kgm 2 ,, I xz - 2222kgm 2 , x cg = 37.5mm 


Table 1 


Helistab Data 
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Derivative 

Fit est - DLR 

Fit est - Glasgow 

Htlistab 

Yv 

-0.135(0.0019) 

-0.135(0.0263) 

-0.125 

L v 

-0.066(0.0012) 

-0.064(0.00149) 

-0.055 

N v 

0.027(0.0002) 

0.029(0.00069) 

0.0216 

L o 

-2.527(0.0534) 

-2.012(0.0695) 

-1.677 

No 

-0.395(0.0092) 

-0.3216(0.0106) 

-0.174 

L r 

-0.259(0.0343) 

0.554(0.0787) 

0.142 

Nr 

-0.362(0.0065) 

-0.3887(0.0348) 

-0.57 

L]at 

-0.051(0.0012) 

-0.0317(0.0017) 

-0.043 

N|a, 

-0.008(0.0002) 

-0.00738(0.00047) 

-0.0047 

Ltted 

0.011(0.0007) 

0.0209(0.004) 

0.0109 

N oed 

-0.022(0.0001) 

-0.0254(0.00086) 

-0.0436 

T lat 

0.125 

0.01(0.015) 

0.0 

T oed 

0.0 

0.0 

0.0 

x(D 

-0.104 ± 1.37i 

-0.200 ± 1.35i 

-0.163 ± i.017i 

X(2) 

-0.089 ± 1.27i 

-0.154 ± 1.329i 

-0.166 ± 1.08i 

2?(°n 

0.1674 

0.291 

0.390 

oi n 2 

1.842 

1.791 

1.417 

X(3) 

-0.081 ± 1.34i 

-0.157 ± 1.391 

-0.199 ± I.199i 

- Dutch roll (fully coupled) 
x(2) . Dutch roll (lateral subset) 
x(3) . Dutch roll (2nd order roll/yaw/sideslip) approx. 


Table 2 


Comparison of SA 330 Puma lateral/directional characteristics 


Derivative 

Fit Est 

Hclistab 

lxx*0.8 

< 

II 

LA 

1 

Ixz*1.5 

atr*0.6 

FN 1*0.5 

combine 










L v 

-0.066 

-0.055 

-0.069 

-0.055 

-0.053 

-0.05 

-0.0506 

-0.0543 

N v 

0.027 

0.0216 

0.02 

0.028 

0.0195 

0.001 

0.0404 

0.0232 

L P 

-2.527 

-1.68 

-2.108 

-1.68 

-1.724 

-1.669 

-1.677 

-2.18 

.Np 

-0.395 

-0.174 

-0.211 

-0.174 

-0.252 

-0.207 

-0.174 

-0.344 

L r 

-0.259 

0.142 

0.178 

0.142 

0.0.075 

0.0953 

0.142 

0.064 

N r 

-0.362 

-0.57 

-0.567 

-0.57 

-0.572 

-0.383 

-0.57 

-0.383 

Llat 

-0.051 

-0.043 

-0.0522 

-0.043 

-0.043 

-0.042 

0.0416 

-0.054 

N hi 

-0.008 

-0.0047 

-0.0055 

-0.0047 

-0.0065 

-0.0046 

-0.0046 

-0.008 

L oed 

0.011 

0.011 

0.014 

0.011 

0.0058 

0.0074 

0.011 

0.005 

Nped 

-0.022 

-0.0436 

-0.0432 

-0.0436 

-0.0437 

-0.0292 

-0.0435 

-0.0292 

Re(X) 

-0.104 

-0.163 

-0.157 

-0.205 

-0.151 

0.053 

-0.252 

-0.128 

Im(X) 

1.37 

1.017 

1.046 

1.14 

1.03 

0.675 

1.344 

1.160 


Table 3 
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Case\Aircraft 

SA - 330 

BO - 105 

AH • 64 





Flight - 6 dof 

-0.104 ± 1.37i 

-0.35 ± 2.5i 

-0.170 ± 1.726i 

Flight - 3 dof 

-0.081 ± 1.34i 

-0.33 ± 3.21 i 

-0.171 ± 1.843i 

Theory - 3 dof 

-0.163 ± 1.017i 

-0.65 ± 2.6li 

-0.407 ± 1.857i 


Table 4 

Dutch roll mode eigenvalues; comparison of flight 
estimates (DLR) with theory 

(SA - 330, RAE Helistab ; BO - 105, DLR Simh ; AH - 64, MDHC Flyrt) 


Parameter 

Initial 

Final 

% std. error 





B 

0.9 

0.98 

0.2 

T 

9.5 

9.1 

0.9 

-1/x 

-2.0 

-1.1 

7.0 

k 

2.0 

0.34 

6.5 

Vl 

0.0 

18.8 deg 

3.3 

V 2 

0.0 

21.2 deg 

3.1 

k l 

0.0 

0.042 

17.0 

k 2 

0.0 

0.37 

2.1 

k 3 

0.0 

-0.23 

4.3 

k 4 

0.0 

0.28 

2.7 


Table 5 


Identified Parameters for Puma Inflow Example 
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Fig.9 Comparison of normalised (with DLR flight estimate) Heiistab 
Derivatives before and after Model Distortions 























Fig.11 Comparison of Flight and Reconstructed (DLR estimates) Responses to Pedal Inputs (6dof) 























Fig.15 Regression Against Controls, Body Rates, Velocity and Phase Angle 



Flg.16 Results of Output Error Identification for Longitudinal Test Manoeuvre 
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SYSTEM IDENTIFICATION METHODS FOR HANDLING-QUALITIES EVALUATION 

by 

Mark B. Tischlcr 
Aeroflightdynamics Directorate 
U.S. Army Aviation Research & Technology Activity 
Ames Research Center, Moffett Field, CA 94035-1099 


SUMMARY 

System identification methods for rotorcrafi 
handling-qualities studies are discussed in this paper. A 
key factor that has been responsible for the broad and 
successful application of system identification techniques 
in the handling-qualities community is probably the rela¬ 
tively simplicity of the models which are desired for pilot- 
in-thc-loop analyses as compared to the full 6-DOF 
models required for most other applications. Generally, 
these analyses consider only the on-axis, single-input/ 
single-output response of the pilot/vehicle system. The 
extracted vehicle model may be nonparametric, such a 
frequency-response, or a low-order parametric model, 
such as a transfer function, or a simplified decoupled 
state-space representation. Both time- and frequency- 
domain methods have been widely used for these applica¬ 
tions and are discussed in this paper. The requirements for 
flight testing, data analyses, and modeling for handling- 
qualities applications of system identification arc con¬ 
trasted with the requirements for extracting multi-input/ 
mulu-output state-space models for flight mechanics 
f urposes. Typical handling-qualiues analysis results are 
illustrated using the WG18 databases for the BO-105 and 
AH-64 helicopters. 


1. INTRODUCTION 

System identification techniques have seen wide 
application in the fixed-wing and rotary-wing handling- 
qualities communities for characterizing the dynamics of 
air vehicles and piloted simulations. The extracted models 
are commonly used in closed-loop analyses of the pilot/ 
vehicle system (Fig. 1) to expose potential handling- 
qualities deficiencies and to check vehicle compliance 
design specifications (Refs. 1 and 2), A key factor that has 
been responsible for the broad and successful application 
of system identification techniques in the handling- 
qualities community is probably the relative simplicity of 
the models which are desired for pilot-in-the-loop 
analyses as compared to the full six or more degrees-of- 
freedom models required for most other applications. 
Generally, these analyses consider only the on-axis, 
single-input/single-output response of the pilot/vehicle 
system. The extracted vehicle model may be non¬ 
parametric, such as frequency-response, or a low-order 
parametric model, such as a transfer function, or a simpli 


n 



Fig. 1 Pilot/vehicle system block diagram. 

fied decoupled state-space representation. Both time- 
domain and frequency-domain methods have been widely 
used for these applications. 

This paper discusses system identification methods 
for rotorcrafi handling-qualiues studies. The requirements 
for flight testing, data analyses, and modeling for 
handling-qualities applications of system identification 
are contrasted with the requirements for extracting multi¬ 
input/multi-output stale-space models for flight mechanics 
purposes. Typical handling-qualiues analysis results arc 
illustrated using the WG18 databases for the BO 105 and 
AH-64 helicopters. 


2. BASIC HANDLING-QUALITIES CONCEPTS 

Pilot/vehicle interaction m closed-loop control tasks 
is commonly analyzed by first modeling the pilot as a 
low-order compensator, and then analyzing the 
pilot/vehicle feedback system as a servomechanism 
(Fig. 1). This section uses classical control theory to ana¬ 
lyze the pilot/vehicle servomechanism and to illustrate 
basic handling-qualities concepts, although state-space 
based optimal methods are also available in the literature 
and have been used successfully (Ref. 2). 

In attitude backing tasks, the pilot attempts to null the 
error e between the commanded aircraft altitude r and 
the actual aircraft attitude c through suitable motion of 
the aircraft stick, 8 (Fig. 1). The rate of pilot stick inputs 
d8/dt is characterized by the cross-over frequency co c . a 
fundamental handling-qualities parameter, defined as the 
frequency at which the compensated open-loop magnitude 
response of c/e is 0 dB. Higher cross-over frequencies 
allow tighter closed-loop tracking, but imply higher stick 
deflccuon rates, and thus higher workload. The cross-over 
frequency is selected by the pilot to achieve the task 
performance requirements in the presence of noise or 
disturbances. A large body of test data (Ref. 2) indicates 
that the cross-over frequency for attitude backing tasks is 
typically in the range of 1 rad/s 2 (o c < 3 rad/s. 
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Classical servomechanism theory can be used to 
show that good closed-loop characteristics (e.g., stability 
margins and command tracking) require that the overall 
compensated open-loop response c/c displays an average 
K/s characteristic (-20 dB/dccade magnitude slope) in the 
cross-over frequency region. While the pilot (Y p = 8/e) 
can compensate for poor rotorcraft characteristics 
(Y c = c/ 8 ) to achieve the desired overall cross-over 
characteristics (c/e = Y p Y c ), (his leads to increased pilot 
workload and resulting poor handling-qualities ratings. 
The minimum workload is achieved when the pilot can 
act as a pure gain regulator through a neuromuscular 
delay (Ref. 2): 

Y p = Kp cxp(-xs) (1) 

where typical values of time delay arc 0.2 s < x < 0.4 s. 

Simplified pilot/vehiclc analyses (Ref. 2) assume dial 
die pilot acts as a pure gain regulator (ignoring x), and 
selects the maximum cross-over frequency Wc that can 
be achieved while maintaining acceptable stability 
margins (e g., phase margin = 45°, gain margin = 6 dB). 
This maximum achievable pure-gain pilot cross-over 


frequency is termed the "bandwidth frequency” (o)bw) in 
the handling-qualities community, and ct>n be determined 
by inspection of the attitude response of the helicopter 
alone (Y c ) as obtained from system identification (Fig. 2). 
The bandwidth frequency can also be considered as the 
inverse closed-loop umc constant (1/T C ), since: 


thus, 

1 

x — to c - (0g w 
'c 

High bandwidth responses, and thus associated short 
rise times, arc desirable for aggressive closed-loop pilot¬ 
ing tasks, such as air-to-air tracking and air refueling. 
Lower bandwidth responses (and associated longer rise 
times) arc acceptable for less aggressive tasks such as up- 
and-away cruise flight and maneuvering. 

Task requirements for increased piloting aggressive¬ 
ness lead to the need for higher cross-over frequencies 



Fig. 2 Determination of bandwidth and phase delay criteria values. 
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than can be achieved by the simple pure gain piloting 
technique of Eq. (1). The increased phase lag (i.e., deteri-. 
orating phase margin) associated with higher cross-over 
frequencies must be offset by pilot-supplied lead, i.e., 
control anticipation. These requirements for pilot lead 
cause an increase in pilot workload and a degradation in 
perceived handling qualities. A measure of the rate of 
deterioration in the aircraft phase margin and, therefore, 
the requirement for pilot-supplied lead is obtained from a 
handling-qualities metric referred to as phase delay ip. 


_ + 180 ° 

P~ 57.3x2(Oi8o 


( 3 ) 


High values of phase delay indicate that when the 
pilot attempts to rapidly increase the cross-over 
frequency, there will be large demands for pilot lead. 

This, in turn, leads to poor handling-qualities and 
increased probability of pilot induced oscillations (Ref. 2). 
Tasks which can be considered as “low gain” require 
lower cross-over frequencies and arc, therefore, not as 
sensitive to large phase delays. The current US Handling- 
Qualities Requirements for Military Rotorcraft ADS-33C 
(Ref. 3) specifies desirable levels of bandwidth and phase 
delay for on-axis attitude responses (c.g., c/8 = <p/8] at in 
Fig. 1) appropriate to a variety of piloting tasks. Desirable 
(Level 1) handling-qualities for the roll response to lateral 
stick inputs are shown in Fig. 3 for: 

(a) high gain (target acquisition and tracking) tasks 
and 



(b) all other piloUng tasks. 

Compliance with these specifications must be 
demonstrated for the flight vehicle (and/or simulation) 
using non-parametric frequency-response identification 
techniques. 

Non-parametric models identified in the frequency- 
domain are very useful for these handling-qualities 
analysis because: 

1. They are rapidly obtained from flight tests. 

2. They contain no inherent assumptions of model 
structure or order. 

3. The handling-qualities metrics (cobw. tp) are 
determined d : rectiy from inspection. 

Frequency-response testing and analysis techniques 
initially developed and demonstrated for helicopters using 
the XV-15 (Ref. 4) and the Bell 214-ST aircraft (Ref. 5) 
have become a standard part of the rotorcraft specification 
compliance testing procedure. 

Parametric models are needed in handling-qualities 
studies which use parametric analysis tools such as root 


Fig. 3 Requirements for roll response to lateral suck 
inputs. 

locus, and stat-spacc based methods (Ref. 2). Also, the 
correlauon of subjective handling-qualities ratings with 
vehicle-based aerodynamic characteristics (e.g., roll 
damping and roll control sensitivity) is often used in the 
development of handling-qualities design criteria. Para¬ 
metric models used for this purpose are generally low- 
order, decoupled singlc-input/single-output transfer- 
function representations of the “effective” aircraft 
response characterisucs important in the pilot cross-over 
frequency range. For example, in the fixed-wing 
handling-qualities specification, a second-order model 
must be identified to allow characterization of the short- 
period response of aircraft pitch attitude to longitudinal 
inputs and demonstrate compliance with the design 
criteria. The ADS-33C specification for rotorcraft gives 
desirable characteristics of the vertical velocity response 
to collective inputs in terms of a first-order transfer- 
function model h / Scoi. An excellent review and analysis 
of helicopter handling-qualities using parametric system 
identification of low-order models is given by Houston 
and Horton (Ref. 6) based on SA-330 and Lynx flight test 
and simulation data. Both frequency-domain and time- 
domain methods are employed in the handling-qualities 
communities for parametric system identification. 
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The following sections demonstrate the application of 
both non-parametric and parametric system identification 
methods for handling-qualities studies. 


3. NON-PARAMETRIC MODEL IDENTIFICA¬ 
TION FOR HANDLING-QUALITIES STUDIES 

This section discusses special requirements for 
identification of non-parametric (frequency-response) 
models ard presents an illustrative example using the 
BO 105 data base. 

Non-parametric models used in the cvaluauon of 
handling-qualities based on bandwidth and phase delay 
metrics must be accurate in the frequency range of the 
data used in the calculation (e.g., Eq. (3) for t p ): 

0.5o)b w <co< 2.5(0180 (4) 

As seen in Fig. 3, the range of acceptable bandwidth 
frequencies in the pitch and roll axis is roughly 
1 rad/s - 4 rad/s. Based on Eq. (4), and assuming a simple 
second-order closed-loop attitude response characterise, 
the required range of accurate identification is roughly 
0.5 tad/s to 15 rad/s. Clearly the very low frequency 
behavior of the phugoid (and spiral) dynamics are not as 
important for handling-quality applications as they are to 
the requirements for identifying a complete 6 DOF flight 
mechanics model. 

The frequency-sweep input is particularly well suited 
for achieving accurate non-parametric (frequency- 
response) identification because it produces an even dis¬ 
tribution of spectral content across the desired frequency 
range. The range of excitation is determined by selecting 
the period of the lowest frequency input and the cycle rate 
of the highest frequency input. At least two complete 
frequency sweeps are concatenated to increase the amount 
of data used in die spectral analyses and thus reduce the 
variance in the spectral estimates. Three frequency sweeps 
arc executed consecutively in each of the primary axes to 
ensure dial two good runs are obtained. Instrumentation 
requirements for identifying handling-qualities models are 
essentially the same as those required for identifying the 
more complete flight mechanics. As before, the instru¬ 
mentation characterisucs must be carefully selected to 
minimize their influence on the aircraft response charac¬ 
teristics being identified. Further, the characteristics of the 
sensors and filters must be well known so that their effect 
can be incorporated in the analyses and not cause the 
extracted response characteristics to be biased by the 
instrumentation dynamics. Finally, the flight tests must be 
conducted during periods of minimum ambient wind and 
turbulence to reduce the random errors in the 
identification. 

Flight-test inputs for flight-mechanics model identifi¬ 
cation are typically difficult to execute for the hover flight 


condition. However, the reduced identificauon frequency- 
range needed for handling-qualities applications allows 
much shorter record lengths and higher minimum excita¬ 
tion frequencies, thus reducing difficulty of achieving 
acceptable excitauon even in hover. Furthermore most 
handling-qualities applications are concerned with the 
augmented (i.e., stability control augmentation system 
engaged) vehicle response characteristics, for which the 
aircraft dynamics are generally more stable and more 
nearly decoupled than the bare airfiame. 

Attitude response identification (e.g., <h/5| al ) in the 
mid- and high-frequency range is best achieved using the 
angular-rate signals (p/6i at ) which have better frequency 
content compared to the attitude measurement variables. 
Then, the required response is obtained by applying 
numerically a 1/s correction 

4> _ 1 P 
$lai ® 8i at 

in the frequency domain. 

Figure 4 shows an example of the <j>/5i at response for 
the BO 105 obtained from the AGARD WG18 frequency 
sweep data at 80 kn (events 44,45,46). The bandwidth 
and phase delay metrics are readily obtained from the 
figure and Eq. (3) to yield: 

0)bw = 5.72 rad/s (5) 

T p = 0.062 s 

These values arc then spotted on the ADS-33C speci¬ 
fications in Fig. 3. The BO 105 characteristics arc seen to 
be in the desirable range even for the most demanding 
piloting tasks. This is a reflection of the high effective 
hinge offset of the BO 105 hingclcss rotor, and the lack of 
additional time delays in this unaugmented aircraft. Much 
larger effccuvc time delays are usually associated with 
flight control system augmentation in advanced rotorcraft 
(Ref. 7). 

The presence of the lead-lag dynamics causes a dip in 
the phase curve near die 2(D) so frequency as indicated in 
Fig. 4. This causes the phase characteristics to be a 
nonlinear function of frequency and makes the phase 
delay calculadon extremely sensitive to the identified 
value of 2(D) $o. In such circumstances, the phase delay 
parameter should be determined by a least-squares fit to 
the phase data in the piloted cross-over region (ADS-33C) 
as illustrated in Fig. 5. The results show that for the 
present case, the least-squares calculation produces 
essentially the same phase delay value as was obtained 
directly from the two point approximation in Fig. 4. 




I >5 



Fig. 4 Roll attitude response to lateral suck (cp/5iat) 
identified from BO 105 frequency-sweep data. 



Fig. 5 Determination of phase delay using least squares 
fitting procedure. 


4. PARAMETRIC MODEL IDENTIFICATION FOR 
HANDLING-QUALITIES ANALYSES 

Handling-qualities analyses based on parametric 
models of the pilot/aircraft system of Fig. 1 must be 
accurate in the region encompassing the pilot cross-over, 


0 ) c . As a rule of thumb, the frequency range of validity 
should encompass: 

0.3 w c s to S 3.0 toe (6) 

The pilot’s feedback loop suppresses the dynamics at 
lower frequencies, while the natural roll-off behavior of 
system response reduces the importance of the high- 
frequency dynamics. Thus, closed-loop pilot/vehiclc 
characteristics are dominated by the open-loop response 
c/e in the frequency range of Eq. (6). 

Parametric system identification methods for applica¬ 
tion to handling-qualities must be tailored to be most 
accurate in the frequency range of Eq. (6), with consider¬ 
ably reduced accuracy being acceptable outside of this 
frequency range. This suggests that handling-qualities 
models for attitude task analyses (1 rad/s < m c < 3 rad/s) 
should be accurate in the frequency range of 0.3 rad/s to 
9 rad/s. WG18 identification results indicate that a quasi¬ 
steady model formulation will be quite acceptable for 
characterizing helicopter dynamics in this frequency 
range. Furthermore, as discussed earlier, parametric 
handling-qualities models are generally assumed to have a 
very simple decoupled, first- or second-order structure to 
expose the dominant characteristics of concern to the 
pilot. This is especially true for analyzing handling- 
qualities of augmented vehicle dynamics, since augmenta¬ 
tion tends to suppress most of the coupled and secondary 
open-loop vehicle dynamics. Clearly, model structures for 
handling-qualities analyses applications are significantly 
simpler than the 6 DOF flight mechanics models identi¬ 
fied by WG18. The rudimentary models adopted to 
represent the pilot (c.g., Eq. (1)) make a more accurate 
modeling of the rotorcraft dynamics inappropriate. 

The simple parametric model structures adopted for 
handling-qualities analyses allow considerable relaxation 
of the input design requirements and computational algo¬ 
rithms needed for parametric system identification. The 
main requirement is to acquire data with record lengths on 
the order of 2 to 3 time constants of the modes included in 
the model. For example, a typical heave damping constant 
(Z w = -0.5 s -1 ) implies a time constant of 2 seconds. 
Thus, desirable record lengths to identify this parameter 
from flight data would be of the order of 4 to 6 seconds. 
These record lengths are considerably shorter than neces¬ 
sary to identify the coupled and lower frequency behavior 
for a full 6 DOF flight mechanics model. Rapid identifica¬ 
tion algorithms based in both frequency-domain (Refs. 5 
and 6) and time domain (Ref. 3) are available for this 
application. The following two examples based on the 
WG18 AH-64 data-based illustrate the use of time- 
domain and frequency-domain system identification 
methods to extract lower-order parametric handling- 
qualities models. 



4.1 Time-Domain Identification Example 

The ADS-33C specification requires the identifica¬ 
tion of the first-oider model of vertical response to 
collective: 


h K exp(-ts) 

(7) 

based on a simplified time-domain output-error technique. 
Ihe required analysis assumes that the input is a pure 
s'ep. This yields the simple closed-form solution for the 
vertical rate response: 


h«,(t)=K; 


~ exp | 


h ) 


h esi (i) = 0 fort<x 


for t > x (8) 

(9) 


Although not contained in the current specification, 
the constraint of Eq. (9) is necessary to yield a casual 
model response (Ref. 8). In practice, the starting time 
(t = 0) is assumed to be at the mid-point of the control 
input, since a finite time will always be required to 
achieve the full input during flight testing. The parameters 
of Eq. (7) are to be obtained by a nonlinear optimization 
search to minimize the squared-error (e 2 ) between the 
model output and flight test data: 

e 2 =(h es t-h da ,a) 2 (10) 



Fig. 6 Flight data and handling-qualities model identifica¬ 
tion (Eq. (8)) for vertical rate response 

procedure is t = 3.31 s. Considering an approximate 
heave damping value (Z w = -0.5 s _1 ) based on the AH-64 
results obtained by the DLR, the system time constant is 
about 2 seconds, thus indicating that die record length is 
marginally acceptable for he current identification 
problem. 


Table 1 presents the ADS-33C specifications of the 
parameter values for desirable handling-qualidcs 
(Level 1). 


Table 1 Comparison of equation parameters with 


specification 

Level 

T h 

(in seconds) 

X 

(in seconds) 

1 

5.0 

0.20 

2 

OO 

0.30 


The collective step response of the AH-64 for the 
130 kn flight condition shown in Fig. 6 was obtained by 
using the first portion of the doublet record (flight 883, 
event 10). The input is assumed to begin at t = 1.2 s, 
which corresponds to the mid-point of the initial collec¬ 
tive step. The end-of-rccord is taken at t = 4.51 s, which 
corresponds to the point of collective control reversal. 
Therefore, the total record length used in the identification 


The transfcr-funcuon parameters identified using the 
data of Fig. 6 are: 

K = -1.60 ft s* 2 /% = -0.488 m s~ 2 /% 
t = 0.192 s (11) 

T h = 1.86 s 


The model response as estimated from Eqs. (8), (9), 
and (11) is shown in Fig. 6. The corrclauon coefficient r 2 
is a measure of the accuracy with which the identified 
model satisfactorily characterizes the flight test data: 


u 

(hesl - hdata ) 2 


,2 __!=]_ 


(hdaia ^data) 

1=1 


( 12 ) 


where h denoies the mean value of li For the results of 
Fig. 6 is: 


r 2 = 1.017 


03 ) 
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The specification requires a correlation coefficient in 
the range of 0.97 to 1.03. Therefore, while there are sig¬ 
nificant deviations between the model predictions and the 
flight test data, the fit is considered to be satisfactory for 
handling-qualities applications. Comparison of the 
Eq. (10) parameters with the specification (Table 1) 
indicates that the AH-64 achieves desirable (Level 1) 
handling-qualities characteristics for the vertical response. 

When a helicopter is operating with the automatic 
flight control system disengaged, as in the present case, 
the parameters of Eq. (10) correspond to the bare airframe 
stability and control derivatives: 

Z 5col = K =-0.488 m s ~ 2 I% 

Z w = -7jJ- = -0.54 s" 1 (14) 

1 h 

T= rotor delay =0.192 s 

The DLR results for these parameters as obtained 
form the full 6 DOF model identification are repeated 
below for comparison with Eq. (14). 

Z &ol =-0.264 m s~ 2 /% 

Z w =-0.547 s" 1 (15) 

t= 0.117 s 

The rather crude identification technique of Eq. (8) 
yields an accurate identification of heave damping (Z w ). 
The normal sensitivity (ZScoi) and time delay (t) are 
somewhat overestimated, and may be correlated—trading 
off one against the other in the simple identification 
scheme. The Level 1 specification is achieved even for the 
overestimated time delay of Eq. (14), although the pilot 
opinion of the model of Eq. (15) would probably more 
accurately reflect the true aircraft behavior. 


4.2 Frequency-Domain Identification Example 

Frequency-domain methods provide a reliable 
approach for extracting physically meaningful low-order 
handling-qualities models because: 

1. model structure can be selected based on a visual 
inspection of the non-parametric frequency-response 
identification results, and 

2. the frequency range of fit can be restricted to the 
model’s range of applicability (Ref. 9). 

This approach is illustrated using the WG18 fre¬ 
quency sweep data for the AH-14. 

The frequency response of pitch rate due to longitudi¬ 
nal actuator inputs was obtained (from flight 883 events 3 
and 5) using the frequency-response identification tech¬ 


niques described above and is presented in Fig. 7. Good 
coherence is achieved in the frequency range from 
0.6 rad/s (corresponding to the starting frequency of the 
automated sweep) to 10 rad/s. The coherence function of 
nearly unity indicates excellent identification accuracy 
and response linearity in this range. Visual inspection of 
the frequency response of Fig. 7 indicates a fundamental 
first-order characteristic. Attempts to fit the pitch rate 
response with a second-order model, or a simultaneous fit 
of the pitch rate and normal acceleration responses with 
the short period model proposed by RAE (Ref. 6) resulted 
in overparametcrization. The second-order pitch rate 
transfer function reduced to a first-order form, thus indi¬ 
cating a very weak coupling between pitch rate and verti¬ 
cal responses. This finding is further supported by the 
very small identified values of the Mw coupling deriva¬ 
tive determined by the DLR (M w = 0.013) and the NAE 
and MDHC (M w = 0.00513). The following decoupled 
pitch rate response was obtained from a 20-point match 
over the frequency range of from 0.6 rad/s to 10 rad/s: 

q _ M »l on e *P(-Tlon s ) 

Sion s “ Mq 

M 5!on = 0.0274 s" 2 /% 

, (16) 

M q = -0.7754 s ' 

lion = 0.0993 s 


<t ,8 lon 



Frequency (rad/sec) 


Fig. 7 Pitch attitude response to longitudinal cyclic 
(q/Bls) identified from AH-64 frequency-sweep dala. 
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The frequency response comparison between the iow- 
order transfer function model (Eq. (16)) and flight test 
data is excellent over the frequency range of the fit as 
shown in Fig. 7. For comparison with the above simple 
model results, the parameters obtained by the DLR for the 
full 6 DOF model are repeated below: 

M 5lon = 0.02757 s -2 /% 

M q = -0.7741 s _1 ( 17 ) 

Xjon = 0.100 s 

The agreement between the first-order, 1 DOF, 
handling-qualities model and the full 6 DOF results is 
remarkable (compare Eqs. (16) and (17)), substantiating 
the use of the simplified model in the limited frequency 
range of applicability. 

The utility of the simplified transfer function model 
was checked using time domain verification for a doublet 
input. As seen in Fig. 8, the predicted and measured 
responses of pitch rate and pitch attitude arc nearly identi¬ 
cal for the 8 seconds record length shown in the figure. 
This 8 seconds record corresponds to about 6 time con¬ 
stants of the identified pitch rate mode. Clearly, the tran¬ 
sient pitch rate response characteristics of the AH-64 that 
are of interest to handling-qualities are satisfactorily 
captured by this very simple first-order transfer-function 
model. 

As seen in Fig. 7, the poor coherence at low fre¬ 
quency is not satisfactory for allowing an extraction of the 
bandwidth and phase delay parameters from the identified 
frequency-response. However, these parameters can be 
obtained by extrapolating the transfer function model 
response into the needed frequency range: 

« hw = 0.678 rad/s 


Comparison of these values with the ADS-33C speci¬ 
fications (Fig. 3) indicates Level 2 handling-qualities for 
the unaugmented AH-64 in the nonaggressive piloting 
tasks. Level 2 handling-qualities for a failed (or disen¬ 
gaged) AFCS condition is generally considered 
acceptable. 


5. CONCLUSIONS 

Key considerations in the application of system iden- 
tificauon techniques to handling-qualities studies that 
were highlighted in this section are: 



Fig. 8 Time-domain verification of first-order pitch model 
(Eq. (16)) of the AH-64. 


1. Requirements on flight testing, models structure, 
and identification algorithms are substantially eased 
because of 

a. the rather restricted frequency range of 
applicability needed for analyzing pilot-in-the-loop 
handling-qualities; and 

b. the desire for simple handling-qualities 
models which capture the inherent dynamic characteristics 
using a few number of parameters. 

2. Non-paramctric models are very useful for 
handling-qualities and arc easily obtained in the frequency 
domain from frequency-sweep flight test data. 

3. Simple parametric models are useful for charac¬ 
terizing the dominant vehicle characteristics in the 
frequency range of interest to handling-qualities and for 
establishing handling-qualities design guidelines. 

4. Examples of frequency and time domain identifi¬ 
cation techniques applied to the BO 105 and AH-64 
databases illustrate that rather simple modeling and 
identification methods can reliably be used to support 
rotorcrafi handling-qualities studies. 
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SYSTEM IDENTIFICATION REQUIREMENTS FOR HIGH-BANDWIDTH 
ROTORCRAFT FLIGHT CONTROL SYSTEM DESIGN 

by 

Mark B. Tischler 
Aeroflightdynamics Directorate 
U.S. Army Aviation Research & Technology Activity 
Ames Research Center, Moffett Field, CA 94035-1099 


SUMMARY 

The application of system identification methods to 
high-bandwidth rotorcraft flight control system design is 
examined. Flight test and modeling requirements are illus¬ 
trated using flight test data from a BO-105 hingeless rotor 
helicopter. The proposed approach involves the identifica¬ 
tion of nonparametric frequency-response models, fol¬ 
lowed by parametric (transfer function and state space) 
model identification. Results for the BO-105 show the 
need for including coupled body/rotor flapping and lead- 
lag dynamics in the identification model structure to allow 
the accurate prediction of control system bandwidth limi¬ 
tations. Lower-order models are useful for estimating 
nominal control system performance only when the flight 
data used for the identification are bandlimited to be con¬ 
sistent with the frequency range of applicability of the 
model. The flight test results presented in this paper are 
consistent with theoretical studies by previous researchers. 


SYMBOLS 

GM gam margin (of open-loop response), dB 

roll angle feedback gain, %/rad 

Kp roll rate feedback gain, %/rad/sec 

Lp roll damping derivative, 1/sec 

p roll rate = <j> (linear model), rad/sec 

Y§ p coherence from lateral control inputs to roll rate 
* outputs 

S a lateral control input, % 

9 damping ratio 

x time delay, sec 

x p phase delay (of closed-loop response), sec 

<t> 2 U phase angle (deg) of closed-loop system when 
180 the frequency = 2 x to, 

4* roll angle, rad 


<j> c roll angle command input to command model, 
rad 

4> e roll angle error signal = q> m — <J>, rad 

<|> m roll angle command input to stability loop, rad 

o) frequency, rad/sec 

<o BW bandwidth frequency (of closed-loop response), 

rad/scc. For attitude command systems, the 
bandwidth is defined as frequency at v/hich the 
phase angle is -135° 

G> c design crossover-frequency (of open-loop 

response) to give 45° phase margin, rad/sec 

(D u frequency at which instability occurs due to 
increasing feedback gam, rad/rcc (frequency 
value at which the root locus branch crosses the 
imaginary axis) 

(O[ 80 frequency where the phase angle of closed-loop 
system = -180°, rad/sec 

o >2 upper frequency of transfer function fitting 

range, rad/sec 


1. INTRODUCTION 

System identification procedures provide an excellent 
tool for improving mathematical models used for rotor¬ 
craft flight control system design. Dedicated flight tests of 
a prototype helicopter can be conducted to update the 
flight mechanics to update the flight mechanics models 
and optimize control system gains early in the develop¬ 
ment process. Such an approach has already been taken by 
Kaletka and von Grunhagen (Ref. 1) in the development 
of a fly-by-wire BO-105, and by Bosworth and West 
(Ref. 2) in the development of the X-29A. 

The identification of models for use in flight control 
system design involves requirements that are considerably 
different from those encountered in other applications 
such as piloted simulation and wind tunnel model 
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validation. Models identified for use in simulation and 
wind tunnel validation must be generally accurate over a 
wide spectrum of frequencies from trim (zero frequency) 
and phugoid (low frequency) to the dominant transient 
responses of the longitudinal short-period and roll- 
subsidence modes (mid/high frequency). Therefore, in 
terms of stability and control derivatives, the low- 
frequency parameters such as the speed derivatives may 
be just as important to a pilot's pcrcepdon of simulation 
fidelity as an accurate value of roll damping. 

Practical flight control system design requires models 
that are: 

1. highly accurate in the crossover frequency 
range—to exploit the maximum achievable performance 
from the helicopter, and, 

2. robust in the crossover range with respect to 
flight condition, and input form and size—to ensure tliat 
closed-loop stability/performance is maintained, The con¬ 
trol system design can be made sufficiently robust to 
compensate for poor model robustness, but at the expense 
of performance. 

These requirements are especially difficult for 
advanced high-bandwidth control systems where the 
crossover range occurs at frequencies near the limit of 
current identification capabilities. 

This paper examines in detail these requirements for 
system identification application to high-bandwidth flight 
control design. Much of this paper discusses the need in 
control system design for higher-order models that 
include rotor dynamics. It is interesting to note that the 
inclusion of rotor flapping dynamics in an optimal control 
system design methodology was investigated by Hall and 
Bryson (Ref. 3) many years ago. 

The roll response of the BO-105 helicopter (Fig. 1) at 
a trim condition of 40 m/s is used throughout to illustrate 
the main points of the analysis. The high-bandwidth/ 
highly-coupled rotor system of the BO-105 presents the 
control system designer with a “most difficult case" sce¬ 
nario. Flight data presented in this paper were collected by 
the DLR Institute for Flight Mechanics as part of the 
AGARD WG18 on Rotorcraft System Identification. 



Fig. 1 BO-105 case stuoy helicopter. 


2. SIMPLE MODEL-FOLLOWING CONTROL 
SYSTEM 

Figure 2 shows a simple design of the roll channel for 
control system based on an explicit model-following con¬ 
cept. An attitudc-command/attitude-hold configuration is 
shown, with only roll angle feedback for the present. The 
error signal is formed from the difference between the 
actual roll angle response and that of the desired com¬ 
mand model. 

The control law design problem for this simple sys¬ 
tem involves the selection of the stabilization loop gain K, 
and an appropriate command model. Design requirements 
based on the U.S. military handling qualities specification 
(Ref. 4) are for an overall closed-loop roll attitude band¬ 
width <}>/ <{> c (based on 45° phase margin) in the range of 
w BW = 2-4 rad/scc. The desired stabilization loop band¬ 
width of 4>/<t> m is selected as twice this range 
(tOgw)sTAB = rad/scc to achieve good model¬ 
following and gust rejection (Ref. 5). This implies a stabi¬ 
lization loop crossover frequency (of <}>/4> e ) lr he same 
range, with associated satisfactory phase and gain mar¬ 
gins. The following section addresses the idcnufication 
and modeling aspects for achieving these desired stabi¬ 
lization loop characteristics 4>/0 m . Command model 
selection (q> m /4> c ) is not addressed herein, because it is 
not an identification issue. 



Fig. 2 Simple explicit model following control system. 
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3. IDENTIFICATION MODELS FOR CONTROL 
SYSTEM DESIGN 

Identification models for use in control system design 
can be categorized as non-parametric (e.g., frequency- 
response) or parametric (e.g., transfer-functions and state- 
space models). Both types of models are discussed in this 
section. 


3.1. Nonparametric Frequency-Response Model 

Nonparametric identification models are highly use¬ 
ful as starting points for control system design because 
they contain no inherent assumptions on model order or 
structure. The frequency response is complete and accu¬ 
rate (within the frequency-range of good coherence), and 
provides the fundamental open-loop characteristics 
needed for both classical and modem frequency-domain 
based design methods. The identified frequency-response 
is a describing function model of locally-linearized non¬ 
linear behavior. The severity of this assumption can be 
checked by comparing extracted describing functions for 
different input amplitudes. 


A robust control system design requires a model that 
is accurate over a frequency range that spans the intended 
crossover region. However, the helicopter’s dynamics and 
thus the achievable crossover frequency are unknown at 
this stage. Thus a nonparametric model that is accurate 
over a broad frequency range is desirable. Pilot generated 
frequency-sweeps are especially well suited for this pur¬ 
pose (Refs. 6 and 7). Piloted frequency-sweeps of the 
BO-105 were conducted over a range of frequencies from 
0.1 Hz - 5 Hz (0.63-31.4 rad/sec) to excite all the dynamic 
modes of concern (Fig. 3). 

The identified open-loop (<t»/8 a ) frequency response 
of the BO-105 body/rotor/actuator system for the 40 m/s 
flight condition shown in Figure 4 was obtained using the 
spectral analysis techniques of Ref. 8. The spectral analy¬ 
sis was optimized for accuracy in the frequency-range of 
1-30 rad/sec, which covers all modes of concern near the 
crossover range. The associated coherence (Fig. 4c) indi¬ 
cates accurate identification in this frequency range. The 
Bode plot of Fig. 4 shows that with roll attitude feedback 
only, a maximum crossover frequency (<j>/ <t> c ) of 
to c = 5.72 rad/sec can be achieved for phase and gain 
margins of 45° and 6 dB, respectively. These 


-f 
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Fig. 4 Frequency-response identification. 


characteristics meet the design specs for this simple sys¬ 
tem. However, roll rate feedback will be necessary to off¬ 
set additional lags in a practical design implementation 
(Ref. 5). 


a rule of thumb, dynamics modes with frequencies of 0.3- 
3.0 times the crossover frequency will contribute substan¬ 
tially to the closed-loop response. In the present case, this 
indicates that the parametric model should be valid in the 
frequency range of 2-18 rad/sec, which includes all of the 
classical attitude response modes (short period, dutch roll, 
and roll subsidence) and the regressing rotor modes 
(flapping and lead-lag), and dynamic inflow (for lower 
speed conditions). Accurate characterization outside of 
this frequency range is not important to control system 
design for the design bandwidth selected here. Closed- 
loop control suppresses all low frequency open-loop 
response, so that accurate knowledge of the speed deriva¬ 
tives (phugoid and spiral dynamics) is of little importance. 


3.2.2. Model order 

The model order must be high enough to capture the 
important dynamic characteristics in the frequency-range 
of model validity. In the frequency-domain, this means a 
sufficient number of states to achieve a “good fit” of the 
nonparametric response of Fig. 4 is needed in the desired 
frequency range. However, if the model order is exces¬ 
sive, model parameters will exhibit large variability to 
small changes in flight condition, input form, and input 
size which will compromise robustness (Ref. 9). 


3.2 3. Estimate of model accuracy 

Flight control design requires an esumate of the accu¬ 
racy of the aerodynamic parameters. Modem MIMO 
methods that feedback all outputs to all controls require a 
consistent level of accuracy in the characterization of all 
of the on- and off-axis responses. Metrics such as the 
Cramer-Rao lower bound, multi-mn scatter, and 
frequency-response errors are useful for assessing model 
accuracy. 


3.2. Parametric Model 

A parametric model of the roll response is useful to 
facilitate detailed control design studies. The fundamental 
considerations in deriving such a parametric model are: 

1. desired frequency-range of validity 

2. model order 

3. esumate of model accuracy 

4. model robustness 


3.2.4. Model robustness 

Models must be robust with respect to flight condi¬ 
tion, input form, and input size. Model structure determi¬ 
nation methods are useful in reducing parameter insensi¬ 
tivity and correlation, which in turn improves model 
robustness. Also model verification with alternative input 
forms, and magnitudes arc useful in this regard. 


4. A HIGH-ORDER MODEL FOR ROLL 
RESPONSE 


A 7th-ordcr model is selected as the “baseline model” 
3.2.1. Frequency-range of validity that captures the key dynamics in the frequency-range of 

concern (2-18 rad/sec): 

The frequency-range of model validity should extend 

substantially on either side of the crossover frequency. As 1. coupled roll/rotor flapping dynamics (2nd order) 



2. Iead-lag/air resonance (2nd order) 

3. dutch roll dynamics (2nd order) 

4. roll angle integration (1st order) 

5. actuator dynamics (equivalent time delay) 

Dynamic inflow modes are not explicitly included in 
the above list, because of their small influence at this for¬ 
ward flight speed (40 m/s). (Implicit effects of inflow on 
the rotor modes are captured in matching the frequency- 
response data.) The roll angle response to lateral stick 
transfer-function for the baseline model is then 4th-order 
numerator and 7th-order denominator. The model parame¬ 
ters shown in Table la were obtained from a frequency 
response fit of Fig. 4 from 1-30 r/s using 50 pts. The fre¬ 
quency-response comparison with the data is seen in 
Fig. 5 to characterize the dynamics accurately in the range 
of concern, thus indicating that model is of sufficiently 
high order. The mismatch near the lead-lag mode (13 rad/ 
sec) reflects the reduced accuracy (lower coherence) of 
the flight data in this frequency range (Fig. 4). The 45° 
phase margin crossover frequency for the baseline model 
is taken from Fig. 5 as o> c = 5.32 r/s which is within 7% 
of the data, and the baseline gain margin and the fre¬ 
quency for closed-loop instability (co u ) matches the data 
(Table lb). 



Fig. 5 Comparison of baseline model (7 th order) and 
flight data. 


The transfer function model indicates a highly cou¬ 
pled body-rol 1/rotor-flapping mode (£ = 0.51, 
to = 13.7 r/s) as is expected for the hingeless rotor sys¬ 
tem (high effective hinge offset) of the BO-105. Heli¬ 
copters with low effective hinge offset rotors (or equiva¬ 
lently low flapping stiffness), such as some articulated 
systems, will generally exhibit two essentially decoupled 
first order modes; (1) body angular damping (Lp,Mq), 

(2) 1st order rotor regressing. The decoupled rotor mode 
is often modelled by an effective time delay. The degree 
of body/rotor coupling is determined by the flapping stiff¬ 
ness as illustrated in Fig. 6 from Heffley (Ref. 10). The 
lead-lag mode is very lightly damped - 0.0421) due 
only to structural damping of the hingeless rotor and the 
low aerodynamic damping. The total modal damping 
a = -£co = 0.666 rad/sec agrees very well with previ¬ 
ously published experimental data (Ref. 11). Significant 
roll/yaw coupling is apparent from the separation of the 

X BO-105 




Fig. 6 Short-term eigenvalue locations as a function of 
flapping stiffness. 
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complex pole/zero combination of the dutch roll mode. 
Finally, the equivalent time delay corresponds well to 
known control system hydraulics and linkage lags. 

Figure 7 shows the root locus for variation in the roll 
angle gain (of Fig. 2). The pole at the origin moves to 
the crossover range, and the dutch roll mode is driven into 
the neighboring zero in a stable manner. The lead-lag 
mode is also driven toward the neighboring complex zero, 
and is slightly stabilized (£ = 0.0440) for the nominal 


crossover frequency (to c = 5.32j. The attitude feedback 
gain (K) is limited by the destabilization of the rotor/ 
flapping mode. Added time delay to account for unmod- 
elled dynamics does not change these results significantly. 

The closed-loop frequency response of q>/<p m (from 
Fig. 2) shown in Fig. 8 for K = 322.9%/rad indicates that 
good model-following will be achieved out to the desired 
stabilization-loop bandwidth frequency (4-6 r/s). The 
closed-loop data curve also shown in the figure was 
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Fig. 7 Stabilization loop root locus, varying roll attitude feedback gain, . 



Fig, 8 Comparison of closed loop response, <(»/<p m of baseline model vs. data. 
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generated by calculating KG/[1 + KG] for each frequency, < t> 2 oi = phase angle at a frequency of 2 x co, 80 
using the open-loop data curve of Fig. 4. The good ‘ *' 

agreement between the closed-loop baseline model The bandwidth and phase delay metrics are well predicted 

response and the (calculated) data over the broad fre- by the higher-order model as shown in Table lb. 

quency range (1-30 r/s) further demonstrates the validity 

of the 7th-order model for predicting high-bandwidth An additional feedback of roll-rate will be required in 

flight control system performance. the control system to offset lags and time delays associ¬ 

ated with practical design implementation. Figure 9 shows 
Two important quantitative metrics of closed-loop a root locus for variation of roll-rate feedback gain Kp. 
performance (q>/ <p m ) are bandwidth (to BW ) and phase For no additional time delay, rotor/flapping mode stability 

delay (T ). Closed-loop bandwidth w BW is defined in remains the limitation on rate feedback gain, although the 
the handling-qualities community (Ref. 4) as the fre- lead-lag mode damping is clearly reduced for moderate 

quency at which phase margin of the closed-loop gain levels. When 50 msec of additional time delay is 

response, <j>/ <t> m in this case, is 45°. (This definition included to account for filters and computational delay in 

applies for attitude command systems as in the present a practical digital control system implementation (Ref. 5), 
study.) The phase delay is a measure of the phase rolloff the lead-lag mode becomes rapidly destabilized and sets 
near the bandwidth frequency and reflects the total effec- the limit on rate feedback. (A lag and a pure delay have 

live time delay of the high frequency dynamic elements the same effect on destabilizing the lead-lag mode for this 

(rotor and actuator m this simple case). The phase delay, case.) This result illustrates the need for accurate knowl- 
T p is defined as (Ref. 4): edge of the lead-lag dynamics in high-bandwidth control 

system design. Anp’yhcal studies by Diftler (Ref. 12), 
d ) 2 C0 +180° Miller and V 'rite (Ref. 13), and Curtiss (Ref. 14) have 

t p = —7TT- made the same conclusions. A flight test investigation by 

57.3 x 2w lg0 Chen and Hindson (Ref. 15) using a variable-stability 

CH47 helicopter demonstrated the importance of rotor 
where, dynamics and control system lags in determining feed¬ 

back gam bandwidth limits. 

fJ) 180 = frequency where the phase of 4>/= 

-180° 



-10 -8 -6 -4-2 0 2 


Real, rad/$ec 

Fig. 9 Stabilization-loop root locus, varying roll-rate gain, K p . 
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5. LOWER-ORDER MODELS FOR BROAD-BAND 
ROLL RESPONSE 

Two levels of approximation that are commonly 
made in formulating models for identification are consid¬ 
ered in this section; (!) omit lead-lag dynamics (5 th 
order); (2) quasi-steady rotor dynamics (4 1 * 1 order). 

A 5th-ordcr roll-attitude response model was 
obtained by refitting the frequency response data without 
the lead-lag mode (Table 1). The transfer function result is 
consistent with 7th-ordcr model, with only slight varia¬ 
tions in the remaining parameters. This indicates that the 
lead-lag/air-resonance mode can be modelled as a one 
way-coupled (parasitic mode), similar in nature to an air¬ 
craft structural mode. Thus, the lead-lag transfer functions 
(quadratic dipoles) could be appended onto a 8 dof identi¬ 


fication modei (flapping dynamics only). This approach 
has been successfully applied in the state-model identifi¬ 
cation of BO-105 dynamics (Ref. 16). 

The frequency-response matches of the 5th-order 
model matches the high-order model very well (Fig. 10), 
except of course for the omission of the lead-lag mode. 
The fitting error shown in Table la, indicate: only a slight 
degradation relative to the 7th-order model. The roll-angle 
gain is again limited by destabilization of the coupled 
roll/flapping mode. Of course, roll-rate limitations due to 
lead-lag instability will not be detected by this model. 
Comparison of the closed-loop response (<t>/4> m ) of the 
5th-order and 7th-order model (Fig. 11) shows that the 
reduced-order model is very accurate except for the lead- 
lag mode omission. The quantitative metrics match the 
baseline model results (Table lb). 


Table la Roll response models, <J>/8 a 


Mode 

Fitting range 

Transfer function 


Fit cost 

Baseline model 7th order 

1-30 r/s 

2.6210.413,3.07) [0.0696,16.2]c“° R225s 
(0)[0.277,2.75)10.0421,15.8) [0.509,13.7) 

12.1 

Coupled body/rotor 5th 
order 

1-30 r/s 

2.47 [0.490,3.1 l)e“° 02I8s 
(0)[0.319,2.71][0.413,13.5) 


26.8 

Broad-band quasi-steady 

4th order 

1-30 r/s 

0.200 [0.283,2.04)e~ 0 0743s 
(0) [0.214,2.13) (9.87) 


102.3 

13 r/s band-limited quasi- 
steady 2nd order 

1-13 r/s 

0.300c~ 00838s 
(0)(14.6) 


44.2 

tShorthand notation: (£. 0 )] implies s 2 +2 ^g>s+ to 2 , ; £ = damping ratio, to = undamped natural frequency 
(rad/scc); and (1/T) implies s + (1/T), rad/scc. 


Table lb Comparison of performance estimates 




Open-loop medics <p/<J> C Closed-loop metrics (<)> / 

m) 

Model 

co c (rad/sec) GM (dB) co u (rad/scc) 

(Ofjw (rad/sec) 

t p (sec) 

Data 

5.72 

6.39 11.4 

8.58 

0.0658 

Baseline model 

5.32 

6.51 11.8 

9.46 

0.0659 

Coupled body/rotor 

5.33 

5.70 11.5 

9.62 

0.0682 

Broad-band quasi-steady 

4.28 

10.2 10.2 

6.98 

0.0545 

13 r/s band-limned 

5.26 

7.96 11.1 

8.33 

0.0600 


I 




10 30 

Frequency, rad/scc 

Fig. 10 Lower-order broad band models. 


A 4th-ordcr model is obtained by adopting a quasi¬ 
steady assumption for the roll dynamics and treating the 
rotor as an equivalent time delay. The resulting transfer 
function model fit is given in Table 1. The time delay of 
0.0743 sec now accounts for 0.023 sec from the 
hydraulics/actuator system and 0.051 sec from the effec¬ 
tive rotor delay. The quasi-steady roll damping mode is 
estimated at Lp = -9.87 r/s. The dutch roll pole/zero 
quadratic has been de-tuned for this single axis fit. (This 
could be improved by considering a simultaneous match 
of p/8 t , which will enforce t! o correct dutch roll location 
(Ref. 8).) The frequency-response of this model is seen in 
Fig. 10 to be a poor approximation, especially at higher- 
frequency, as expected by the adoption of a crude rotor 
flapping approximation. This is further emphasized 
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Fig. 11 Closed loop responses of lower-order broad-band 
models. 


by the three-fold increase in the fitting cost relative to the 
5lh-ordcr model (Table 1). The 45" phase margin cross¬ 
over frequency is under-predicted by 20% relative to the 
baseline model, while the gain margin is overprcdiclcd by 
57% (Table lb). 

The root locus versus attitude gain for this model 
(Fig. 12) indicates that the gain limitation is due to the 
destabilization of a coupled 2nd-ordcr pure rigid body 
mode. Thus, the quasi-steady fails to capture key dynam¬ 
ics of the coupled roll/flapping mode. Finally, the closed- 
loop bandwidth is underestimated by 26% as indicated ir. 
Fig. 11 and Table lb. Overall, the use of the 4th order 
model to match the full frequency range (1-30 r/s) is seen 
to be inappropriate. 






14-10 


I Nominal gam 



-10 -8 -6 



Real, rad/sec 


Fig. 12 Stabilization-loop root locus for 5th order (quasi-steady) model varying attitude gain, 


6. QUASI-STEADY MODELS FOR LOW- 
FREQUENCY ROLL RESPONSE 

The utility of the quasi-stcady approximation in char¬ 
acterizing the lower-frequency dynamics was investi¬ 
gated. For this study, the dutch roll dynamics were omit¬ 
ted. Figure 13 shows the variation in Lp and the fitting 
cost for changes in the upper fi.tirig frequency, o> 2 • from 
8-30 r/s. The roll damping rises 'rom L p = -9.3 for (t> 2 - 
8 r/s, to Lp = 20.4 for co 2 = 15 r/s; however, the cost func¬ 
tion remains fairly constant in this range. For (o 2 beyond 
14 r/s, the cost function rises dramatically, indicating a 
poor characterization of the dynamic response. Note that 
for the o >2 = 30 r/s, the roll damping drops to Lp = -9.6, 
which closely corresponds to the 4th-order model of 
Table la. The extreme sensitivity in the model parameters 
and cost function for values of co 2 greater than 14 r/s 
shows that this frequency is the limit of the validity of the 
quasi-steady assumption. For co 2 below 14 r/s the cost 
function remains fairly constant at CF = 45, which 
roughly corresponds with the 5th order fitting error, the 
higher-order model being more accurate as expected. The 
variability in Lp seen even for co 2 = 7-13 r/s will be lim¬ 
ited by the simultaneous fit of multiple responses in the 
full model identification (Ref. 16). The $/5 a frequency- 
response for the a >2 = 13 r/s case is shown in Fig, 14 to 
have comparable accuracy as the baseline model in the 
range of 1-13 r/s (except for the omission of the dutch roll 
mode). The estimated crossover frequency is nearly iden¬ 
tical to the high-order baseline model. Also, the closed- 
loop performance metrics are much closer to the baseline 
model than was the 4th-order model (Table lb). The 1st 
order model for co 2 = 30 r/s, also shown in Fig. 14, is 
seen to poorly characterize the response at both low and 
high frequency. The frequency range of the fit is clearly 
inappropriate for the quasi-steady model structure. A 


similar analysis conducted on the pitch response indicates 
a useful bandwidth for the quasi-steady assumption of 
13 r/s. Thus, the overall useful bandwidth of the quasi- 
stcady model structure is 13 r/s. 



Fig. 13 Effect of upper frequency limit co 2 on quasi¬ 
steady identification; lower limit of fit is fixed, 
d)j = 1.0r/s. 



14-11 



Frequency, rad/sec 


Fig. 14 Bandlimited and broad-band quasi-steady models. 


This analysis indicates that improved utility of the 
quasi-steady models can be achieved if the data are band- 
limited to below the rotor flapping frequency (13 r/s in 
this case) before the identifies non is completed. This 
band-limitation is easily accomplished in frequency- 
domain identification methods, since the fitting range is 
an explicit function of frequency (Refs. 16 and 17). In 
time-domain methods, the data should be filtered to elimi¬ 
nate the high-frequency dynamics (Ref. 6). Although the 
coupled rotor/flapping instability can still not be 
replicated with such band-limited quasi-steady models, 
the nominal control system performance may be 
adequately estimated. 


7. CONCLUSIONS 

(1) An accurate model for helicopter control system stud¬ 
ies requires coupled body/rotor flapping and lead-lag 
dynamics. The lead-lag response may be treated as a one¬ 
way coupled parasitic mode for the case study evaluated 
herein. 

(2) For a single-rotor hingeless helicopter, the coupled 
body/rotor-flapping mode limits the gain on attitude feed¬ 
back, while the lead-lag mode limits the gain on attitude- 
rate feedback. 

(3) Quasi-steady models that approximate the rotor 
response by an equivalent delay are useful for estimating 


nominal control system performance if the data used in 
the identification is bandlimited to frequencies below the 
coupled body/rotor response. 
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The application of linear maximum likelihood estimation of 

aerodynamic derivatives for the Bel 1-206 and Bcll-206 

(AA)DE LEEUW, J H . (AB)WJI. K 

(AA)(Toronto, University, Dovnsviev, Canada), (A8)(National 
Aeronautical Establishment, Flight Research Laboratory, Ottawa, 
Canada) 

Vertica (ISSN 0360-5450), vol 13, no 3, 1989, p 369-392 890000 

p 24 refs 26 In EN (English) p.145 

The application of parameter estimation techniques to helicopters to 
determine the stability and control derivatives is described The 
model adopted for the helicopter is a linear fully coupled 

six-degree-of-freedom rigid body system The estimation of the 
parameter values in this model (the stability and control derivatives) 
is carried out on the basis of fliqht tests in which the helicopter is 
excited b, suitable control inputs 
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A frequency-domain system identification approach to helicopter 
flight mechanics model validation 
(AA)BLACK. C G fABlHURRAY-SMITH, n .1 
(A8)(G , «9o w . University, Scotland) 

Vertica (ISSN 0360-S4S0), vol 13. no 3, 1989. p 343-363 Research 
supported by the Ministry of Defence Procurement Executive 890000 
p 26 refs 23 In EN (English) p 1S4 

The development of methods for the validation of complex nonlinear 
models of helicopter dynamics using measured flight data is discussed 
The transformation to the frequency domain is addressed as well as 
equation-error methods in the frequency domain Advantages of the 
methodology include the use of a restricted frequency range for the 
estimation of parameters of the rigid-body mode* and the incorporation 
of time delays into the model 
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Advancements in frequency-domain methods for rotorcraft system 
identification 

AA)TISCHl£R, MARK 8 

AA)(NASA, Ames Research Center, U S Army, Aerof1ightdynamics 
Directorate, Moffett Field, CA) 

National Aeronautics and Space Administration Ames Research Center, 
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Vertica (ISSN 0360-S4S0). vol 13.no 3, 1989, p 327-342 890000 

p 16 refs 19 In EN (English) p 1S4 

A new method for frequency-domain identification of rotorcraft 
dynamics is presented Nonparamctric frequency-response identification 
and parametric transfer-function modeling methods are extended to 
allow the extraction of state-space (stability and control derivative) 
representations An interactive computer program DERIVI0 is described 
for the iterative solution of the multi-input/multi-output 
frequency-response matching approach used in the identification 
Theoretical accuracy methods are used to determine the appropriate 
model structure and degree-of-confidence in the identified parameters 
The method is applied to XV-1S tilt-rotor aircraft data in hover 
Bare-airframe stability and control derivatives for the 

lateral/directional dynamics are shown to compare favorably with 
models previously obtained using time-domain identification methods 
and the XV-15 simulation program 
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NCC2-267 Vertica (ISSN 0360-5450). vol 13, no 3, 1989, p. 
295-309 890000 p IS refs 23 In EN (English) p 154 

The application of an integrated rotorcraft identification method to 
the linear modeling of rotor system dynamics is studied Two 
approaches used to describe the rotor flapping parameters in the rotor 
state dynamic equations and the period coefficients of the blade 
flapping equation of motion are presented In the first approach, the 
parameters are identified in the nonrotating reference frame, in the 
second, the blade equivalent damping and spring periodic coefficients 
as well as other periodic coefficients are identified in the rotating 
reference frame 
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Vertica {ISSN 0360-5450). vol 13. no 3. 1989. p 281-293 Research 
supported by the Ministry of Defence of England 890001 p 13 refs 
7 In EM (English) p 144 

A technique based primarily on frequency-domain output-error methods 
is presented for the identification of rotor models Strategies 
involving different forms of model structure using induced-flow models 
based on either momentum or vortex theory are presented Ihe 
importance of induced-flow effects for the flight data sets used is 
studied 
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Vertica (ISSN 0360-5450). vol. 13, no 3, 1939, p 267-280 Research 
supported by NASA 890000 p 14 In* EM (English) p 154 

A model validation procedure is applied to a coupled flapping/inf low 
model of a PUMA helicopter blade The structure of the baseline model 
is first established Model structure and flight test data are checked 
for consistency Parameters of the model are then Identified from the 
flight test data 
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A mathematical representation of a vertical acceleration response 
characteristics of a helicopter in hover has been developed, including 
blade flapping, inflow, and rotor speed dynamics A Maximum Likelihood 
parameter estimation technique has been applied to assess the adequacy 
of the model, and to identify the relevant parameters, using flight 
data from a Sea King Mk 50 helicopter A number of conclusions related 
to the validity of the modeling approach have resulted from 

comparisons between predicted and identified parameters, and further 
investigation of some aspects are indicated 
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An attempt is made to better understand helicopter behavior in the 
hover through the identification of a coupled threa-degree-of-freedom 
model of the Puma aircraft The model can be used tc explain why 
"uasi-steady theory fails to predict heave axis damping and control 
sensitivity The verification of the model using an input dissimilar 
to that used in the identification process confirms that the Puma 
exhibits quasi-steady heave damping and control sensitivity 
significantly lower than that predicted by theory. 
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Identification of mathematical derivative models for the design of a 
model following control system (for fly-by-wire helicopter) 
AA1KAIETKA, JuERGEN; (AB)VON GRUENHAGEN, WOLFGANG 
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Accurate mathematical models were required for the design of « model 
following control system for the DLR BO 105 fly-by-wire helicopter 
ATTHeS (Advanced Technology Testing Helicopter System) These models 
were extracted from flight test data by system identification 
techniques Conventional 6-DOF rigid-body models turned out to be not 
appropriate, because they cannot accurately represent the initial 
response characteristics of the helicopter Therefore, an extended 
model with 8 OOF, including rotor dynamic effects, was derived and 
identified 8oth identification end verification results demonstrate 
the improved short-term response of the extended model and prove its 
applicability for the control system design Results obtained from 
in-flight simulation measurements confirm the reliability of the 8-DOF 
model 
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AAKPrinceton University, NJ) 
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12, no 4. 1988, p 329-336 880000 p 8 refs 14 In EN (English) 
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Recent experiments investigating the system identification of 
helicopter rotor dynamics are described The identification mak«s use 
of a two-pass procedure that estimates the rotor dynamic states prior 
to estimation of the dynamic equation parameters Estimation of the 
rotor states is made possible through use of the predictive 
information contained in blade-mounted accelerometers combined with a 
specialized processing scheme utilizing these signals Descriptions of 
the experimental hardware end the system identification technique are 
qiven, as well as implementation issues for using the procedure on 
other similarly instrumented rotor blades Finally, comparisons with 
other identification techniques using the same data are presented It 
is demonstrated that the approach is an attractive one for measurement 
of a helicopter rotor's dynamic behavior 
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The benefits of rotorcraft system identification are discussed as 
well as a requirement for multidisciplinary collaboration and the 
AGARO (Advisory Group for Aerospace Research and Development) working 
group FMP-WG 18 The objectives of the working group are to evaluate 
the strength and weakness of the different approaches and to develop 
guidelines for the application of identification techniques to be used 
more routinely in design and development Another goal is to define an 
integrated and coordinated methodology for application of system 
identification based on the strengths of each method 
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Based on the concepts of the inverse problems in control system 
dynamics, a theory is developed for the synthesis of motion control 
algorithms for nonlinear systems The structure of the algorithms and 
their parameters are determined on the basis of the prescribed motion 
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used for solving a variety of applied problems, inching problems 
concerned with the synthesis of control algorithms for robotic 
manipulators and aircraft The dynamics of the synthesized systems is 
investigated, and the results of mathematical modeling are discussed 
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IN International Conference on Control 88, Oxford, England, Apr 
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The application of frequency domain techniques to the identification 
of helicopter dynamics using a scale-model helicopter as a test system 
is described Simulations of the helicopter using linear models of 
longitudinal and lateral motion are detailed A comparison is made 
between the performances of two input signals in identifying the 
transfer functions of the modtls 
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A mathematical representation of vertical acceleration response 
characteristics of a helicopter in hover is developed, including blade 
flapping, inflow, and rotor speed dynamics A maximum likelihood 
parameter estimation technique is applied to assess the adequacy of 
the model, and to identify the relevant parameters, using flight data 
from a Sea King Mk SO helicopter A number of conclusions related to 
the validity of the modelling approach have resulted from comparisons 
between predicted and identified parameters, and furthe. investigation 
of some aspects is indicated 
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Methods for validating a complex nonlinear model of helicopter 
dynamics against measured flight data are considered It is shown that 
a frequency-domain output-error estimation technique is a feasible and 
practical approach to the successful estimation of a rigid-body model 
which excludes rotor degrees of freedom Problems arising in the 
identification of lateral stability denvatwes, which are associated 
with strong correlations between some of the response variables in the 
'Dutch-roll' type mode, are solved using rank-deficient versions of 
the information matrix 
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Validation of a mathematical model of the Sea King Mk50 helicopter 
using flight trials data 

(AA)WIlUAM$, M J , (AB)ARNEY, A. M , (AC)PERRIN, R H , (AO)FEIK, 
R, A. 

(AD)(Department of Oefence, Aeronautical Research Laboratories, 
Melbourne. Australia) 
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Validation of a mathematical model of a Sea King HkSO helicopter, by 
comparing model predictions with flight data, is dwv-rlhort 
Comparisons of both performance and flight dynamic characteristics 
show that the model provides an adequate representation of flight 
characteristics over a range of airspeeds Some specific deficiencies 
which remain are noted and summarized The use of System 
Identification techniques to investigate model limitations and to 
develop improved representations of dynamic cNracteristics is 
discussed The approach is illustrated by examples from Sea King 
flight measurements, including an assessment of the effects of Inflow, 
flapping, and engine dynamics on vertical acceleration response to 
collective Inputs at hover 
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Intended specifically to provide insight into flight test and data 
analysis techniques for helicopter parameter estimation, this paper 
commences with a brief review of aircraft parameter estimation The 
equations of motion for an aircraft are then presented in a form 
appropriate for use with helicopter parameter estimation A 
traditional method for helicopter parameter estimation is presented, 
whereby control derivatives and associated time delays are obtained 
from step input data, static stability derivatives are obtained from 
trim data, and dynamic stability derivatives are obtained from 
fixed-frequency excitation The attractive features of this method are 
found to be the simplicity of the concept and a concurrent better 
understanding of the processes involved Also presented is a second, 
more advanced method which employs a modified maximum likelihood 
estimator to explore the methodology of pilot interactively generated 
manual control during parameter estimation data generation This 
method is shown to provide significantly Improved conflate levels 
associated with estimation of all stability and control derivatives 
Experience gained in the use of parameter estimation techniques during 
this research program Indicates that helicopter parameter estimation 
has now matured to a level suitable for engineering applications 
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System identification results on UH-60 Blackhawk flight test data in 
hover are described Simple quasi-static models of the helicopter's 
flight dynamics characteristics were generated using a two-pass 
estimation approach The method incorporates Kinematic Observer theory 
for the initial state estimation phase, and a factorized Kalman filter 
for the stability derivative extraction The study also employs the 
novel use of a graphics workstation in order to aid the identification 
process, through superposition of both flight test data and identified 
responses in real time This approach allows the identification 
engineer to visualize and understand significantly larger amounts of 
data than would be possible through examination of purely numerical 
data alone, prov'ding an interactive environment for modeling of 
flight dynamics 
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The complexity of developing a fully validated and accurate 

mathematical model is discussed, and different modeling levels 
necessary to predict lateral, directional, longitudinal, and vertical 
axis dynamics are examined System identification techniques are 
employed to coapare flight rest results with theoretical predictions. 
The measurement set required to validate aeroelastic models is 
considered 
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A description of the model helicopter rotor tests currently in 
progress at Princeton's Rotorcraft Dynamics Laboratory is presented 
The tests are designed to provide data for rotor dynamic modeling for 
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use with active control system design The model rotor to be used 
incoporates the capability for Individual Blade Control (IBC) or 
Higher Harmonic Control through the use of a standard swashplate on a 
three bladed hub Sample results fro® the first series of tests are 
presented, along with the methodology used for state and parameter 
Identification Finally, pending experiments and possible research 
directions using this model and test facility are outlined 
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Significant advancement has been .«ade in the field of aircraft state 
estimation and parameter identification for fixed wing aircraft over 
the last two decades. By comparison, the progress for rotary wing 
aircraft has been relatively slow due to important issues and problems 
which need to be resolved A highly coupled, high order system which 
is basically unstable summarizes some of the important issues and 
problems Other Issues, which are more basic, deal with the type of 
input used to excite the system, length of the signal used, 
consistency checks, and the handling of errors This paper will 
address some of the basic issues in helicopter system identification 
using simulated and flight test data for the UH-60A Black Hawk 
helicopter 
Author 
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Advancements in frequency-domain methods for rotorcraft system 
identification 
(AA)TISCHLER, MARK B 

(AA)(NASA, Ames Research Center, U $ Army. Aerofllghtdynamfcs 
Directorate, Moffett Field, CA) 

National Aeronautics and Space Administration Ames Research 
Center, Moffett Field, Calif (NC4736S7) 

IN International Conference on Rotorcraft Ba$’c Research, 2nd, 
College Park, MO, Feb 16-18, 1988, Proceedings (A88-51751 22-01) 
Alexandria, VA, American Helicopter Society, 1988, 18 p 880000 p 
18 refs 19 In EN (English) p 3645 

A new method for frequency-domain identification of rotorcraft 
dynamics is presented Nonparametrlc frequency-response identification 
and parametric tranfer-function modeling methods are extended to allow 
the extraction of state-space (stability and control derivative) 
representations An interactive computer program DERIVID is described 
for the iterative solution of the multi-input/multi-output 
frequency-response matching approach used In the identification 
Theoretical accuracy methods are used to determine the appropriate 
model structure and degree-of-confidence in the identified parameters 
The method is applied to XV-lS tilt-rotor aircraft data in hover 
Bare-airframe stability and control derivatives for the 

lateral/directional dynamics are shown to compare favorably with 
models previously obtained using time-domain identification methods 
and the XV-15 simulation program 
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Determination of rotor derivatives and rotor hub force and moment 
derivatives from flight measurements with the RSRA compound helicopter 
AA)WANG, JI C , (A8)TALBOT, PETER 0 

AA)($an Jose State University, CA), (AB)(NA$A, Ames Research 
Center, Moffett Field, CA) 

San Jose State Univ , Calif (SB413977) 

NCC2-267 IN Society of Flight Test Engineers, Annual Symposium, 
18th, Amsterdam, Netherlands, Sept 28-Oct 2, 1987, Proceedings 
(A88-M450 22-05) Lancaster, CA, Society of Flight Test Engineers, 
1987, p 13-1 to 13-17 870000 p 17 refs 18 In EN (English) p 


A case study of the application of an integrated rotorcraft 
if;ct k id tc Lbs li'.wa* mg uf rotor system dynamics 

and rotor hub loads is presented. Applying the method to flight data 
obtained from the RSRA compound helicopter, the rotor derivatives in 
the rotor state dynamic equation are identified along with blade 
equivalent damping and spring periodic coefficients A rigid blade 
flapping equation of motion can be derived from the Identified rotor 
state equation. It Is shown that the concept of rotor hub load 
derivatives Is useful for small maneuvering loads The hub load 
derivatives can be used to relate the hub dynamic load to 
rotor/fuselage motion and applied inputs. 
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International Conference on Rotorcraft Basic Research, 2nd, 
University of Maryland, College Park, MO, Feb 16-18, 1988, 
Proceedings 

Conference sponsored by the University of Maryland and AHS 
Alexandria, VA, American Helicopter Society, 1988, 542 p For 
individual items see A88-S1752 to A88-51785 880000 p 542 In EN 
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The papers presented in this volume provide an overview of current 
theoretical and experimental research related to rotorcraft 
technology The contributions are grouped under the following 
headings performance and loads, rotor/body interactional dynamics and 
wake studies, dynamics, system Identification, active controls and 
flight safety, CFO applications in rotorcraft, and composite analyses 
Specific topics discussed include rotor-airframe aerodynamic 
interaction phenomena, minimum weight design of rectangular and 
tapered helicopter rotor blades with frequency constraints, 
advancements in frequency-domain methods for rotorcraft system 
identification, and flow field prediction for helicopter rotors with 
advanced blade tip shapes using CFO techniques. 
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A linear digital simulation of a radio-controlled model helicopter 
was performed to evaluate the validity of applying frequency domain 
identification to structural estimation of a complex nonlinear system 
The control and telemetry systems, the sensors and the associated 
signal conditioning developed for the radio-controlled helicopter 
facility are described Sine-wave frequency sweeps were applied to 
each input in turn to excite all the dominant modes of the system, and 

the time senes data were analyzed to obtain the system transfer 

functions The closed-loop transfer functions are found by 

least-squares curve fitting, and the po• *s and zeros are determined 
for each case Comparing these modes with the corresponding elements 
in the transfer function matrix obtained from the Levernier algorithm 
gives results which demonstrate the usefulness of the frequency domain 
approach in identification 
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Paper 29 p 850900 p 29 refs 38 In EN (English) p 3473 

The integration of input design, state estimation, model structure 
estimation, and parameter identification into a methodology and its 
application to helicopter flight dynamics are examined The three 
levels for modeling of rotorcraft flight behavior and related loadings 
are discussed The integrated methodology developed for helicopter 
system Identification and its implementation in the parameter 
estimation package are described The methodology was validated using 
data from simulation models, and an example of flight data analysis 
using the integrated methodology is presented 
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Experience with frequency-domain methods in helicopter system 
identification 
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A8)(Glasgov, University, Scotland), (AC)(Royal Aircraft 
Establishment, Bedford, England) 

M0O-2048/028/XR/STR 0GLR, European Rotorcraft Forum, I2th, 
Garmlsch-Partenklrchen, West Germany, Sept 22-25, 1986, Paper 27 p 
860900 p 27 refs 26 In EN (English) p 2951 

Most applications of system identification techniques to helicopters 
have involved time-domain methods using reduced-order mathematical 
models representing six-degret-of“freedom rigid-body motion. 

Frequency-domain techniques provide an interesting alternative 


approach In which data which lies outside the frequency range of 
Interest way be disregarded This not only provides a basis for 
establishing reduced order models which are valid over a defined range 
of frequencies but also results in a significant data reduction in 
comparison with time-domain methods This paper presents a systematic 
approach to f requency-domain identification using both equation-error 
and output-er or techniques Results are presented from flight data 
from the Puma helicopter to illustrate the application of the 
frequency-domain approach to the estimation of parameters of the 
pitching moment and normal force equations These results are assessed 
both on a statistical basis and through comparisons with theoretical 
values 
Author 
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Under the general objectives (1) to adapt the helicopter flying 
qualities to the pilots' capabilities, (2) to increase the mission 
effectiveness, and (3) to reduce technical and economical risks of 
helicopter producers and operators in view of the integration of 
advanced technologies and increasing automation, DFVLR Institute for 
Flight Mechanics is conducting research activities in the field of 
helicopter aeromechanics In keeping with these objectives the 
activities are concentrated on three major areas (1) wind tunnel 
simulation using large Mach-scaled rotor and helicopter models in the 
German-Dutch Wind Tunnel (0NW), (2) development of mathematical 
helicopter models from flight test data by system identification 
procedures, (3) handing qualities investigations us.ng in-flight 
simulation The paper covers th* relevant methodologies and facilities 
at OFVLR as well as various recent results of the research activities 
Author 
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The role of modeling and flight testing in rotorcraft parameter 
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IN American Helicopter Society. Annual Forum, 42nd, Washington, DC, 
June 2-4, 1986. Proceedings Volume 2 (A87-19201 06-01) Alexandria, 

VA, American Helicopter Society, 1986, 38 p 860000 p. 38 refs 42 
In EN (English) p 726 

The importance of recognizing that each lower-order model used for 
rotorcraft parameter identification has a limited range of 
applicability is illustrated in some detail Examples are given to 
illustrate the use of conditioning the test input signals and the 
potential of using multi-axis test inputs to enhance the parameter 
ldentiflability The paper discusses the benefits and limitations of 

using frequency sweeps as flight-test input signals for identification 
of frequency response for rotorcraft and for the subsequent fitting of 
parametric transfer-function models This paper demonstrates the major 
role played by analytical modeling and the understanding of the 
physics involved in the rotorcraft flight dynamics, particularly 
understanding the limit of lower-order models, in achieving successful 
rotorcraft parameter identification 
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dynamics 
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June 2-4, 1986, Proceedings Volume 1 (A87-19201 06-01). Alexandria, 

VA, American Helicopter Society. 1986, p 441-4S5 860000 p 15 

refs 19 In EN (English) p.728 


path angle for a Puma helicopter reveal how reduced-order models can 
occasionally offer ar. adequate description of vehicle dynamics 
K k 
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IN American Helicopter Society, Annual Forum, 42nd, Washington. OC, 
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Assuming a linear and time-invariant model structure, descriptions 
of three different noniterative techniques that can be used to obtain 
parameter estimates are given The techniques are deterministic 
(recursive) least squares, the extended Kalman filter, and the 
statistically linearized filter The methods are used to identify the 
parameters of a one-state two-parameter system and a four-state 
twenty-four parameter system (taken from a linearized longitudinal 
model of an Advanced Light Hleicopter in forward flight) 
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The paper considers the application of frequency domain methods to 
flight test data from rotorcraft and fixed wing aircraft In 
particular, a modified frequency domain output error method is 
presented whiclj can be applied to linear systems with time delays In 
contrast to existing methods, the new approach enables the combination 
of data from several maneuvers for one evaluation, the use of test 
records with arbitrary initial state conditions x(t = 0), and the 
direct identification of time delays (instead of using 

Pade-approximation) Results are presented from the identication of a 
six-degrces-of-freedom helicopter model (Bo-105 Research Helicopter of 
the OFVLR) as well as from the identifiation of an equivalent low 
order system with tine delay (HF8 320-In-Flight-Simulator of the 
OFVLR) 
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Techniques for identifying continuous models of dynamic systems were 
applied to the unstable longitudinal hover dynamics of a CH-47B 
Chinook helicopter The equation error method with carefully filtered 
7 18 Hz data produced good pitch transfer function models Frequency 
response plots for increasing order models were used to determine the 
model order. The linear inter-sample equivalent produced better 
continuous models from identified ARKA models than the zero order hold 
assumption The 30W overshoot in the vertical acceleration step 
response arising from dynamic inflow and rotor coninq was also 
identified The MIM0 Maximum Likelihood identification method with 
process and measurement noise was then examined high Kalman gain 
increases the high-frequency weighting, increasing sensitivity to 
unmodeled dynamics Low-noise sensors and the absence of measurement 
noise above 3 Hz (following pre-filtering to remove rotor noise) 
resulted in high Kalman gains and singular measurement noise 
covariance estimates, requiring use of the Maine-Illff MMLW3 algorithm 
formulation, A discrete gradient version oi tms algorithm was 
developed for the PC-HATLAB language on IBM-PC type computers, and was 
used for longitudinal derivative identification The algorithm is 
attractive for instructional use A User's Manual is included 
Author 


The need for an integrated helicopter system identification 
methodology including state, model structure, and parameter estimation 
to reduce the levels of measurement noise and isolate important 
degrees of freedom is emphasized The required processes in a 
systematic methodology are described Stability variations with flla**'. 
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For fixed wing aircraft, system identification methods to determine stability and control 
derivatives from flight test data are used with confidence. The application of the same techniques 
to rotorcraft is not so far advanced mainly because of the helicopter aeromechar.i"al complexity. 
Only a few specialists, mostly in research organisations, have concentrated on this field and the 
application in industry is still sporadic. 
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rotorcraft design, development, and evaluation. 
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identification methodologies, the major application areas. Flight test obtained from three different 
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comparisons of the obtained results are discussed, covering data quality evaluations, 
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